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Agenda

A Introduction (25 min)

I Big Data Mining: Opportunities & Challenges
I Online Learning: What, Why, Where

A Online Learning
I Overview (5 min)
" Traditional Linear Online Learning (30 min)
" Nontraditional Linear Online Learning (30 min)
Kernelbased Online Learning (30 min)
Online Multiple Kernel Learning (30 min)
A Discussions + Q&A (30 min)
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wwwwipro.com The “three V's”, i.e the Volume, Variety and Velocity
of the data coming in is what creates the challenge.
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Big Data is data that is too large,

complex and dynamic for any L
conventional data tools to capture,
store, manage and analyze.
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Big Data Mining: Opportunities

B Big Data: The Moving Parts

unsupervised learning

Increasing
Age & Maturity

m ; ‘ § social media analytics 38
v P & sentiment analysis 15§ cUstomiation of serviees
: 5\ - : 1 ‘ quicker response to marker trends
4 4 : predictive modeling :
- - B Tdentifying real-time cost optimizations
‘. ‘ 4 better and more holi R&D
network analysis %
: ronomi upply ch NAFEMer
" visuadlization
¢ ' : P e o, | Business
simulation > . 2
_ , : Objectives

From http://blogs.zdnet.com/Hinchcliffe
the growth of data will be exponential for the foreseeable future

| terabytes | petabytes | exabytes | zettabytes |

Tthe amount of data stored by the average company today
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Big Data Mining: Challenges

ALimited O N | i ne Adata size in

computational millions or even
capacity & budget I billions scale
(CPU/RAM/DISK) Le arnin g

ACapability of handling diverse
information evolving dynamically

Value -
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Whatis Online Learning?

Batch/Offline Learning vs.Online Learning

I Learn a model from a I Learn a modahcrementally
batchof training data from asequenceof instances

I Atestdatasetisusedto 1 Make the sequence of online
validate the model predictions accurately

Yt
X¢ f(x¢)
Example: Predictor >

Online Classification

E(yf ; f (Xt ) )
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Why Online Learning?

V Avoid retraining when adding new data

V High efficiency

V Excellent scalabllity

V Strong adaptabllity to changing environments
V Simple to understand

V Trivial to implement

V Easy to be parallelized

V Theoreticalguarantee
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Whereto apply Online Learning?
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Online Learning : Applications
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Online Learning for Social Media

A Online mining of social media strear,,

A Business intelligence applications
I Public emotion analytics
I Product sentiment detection
I Track brand sentiments

nnnnnnnnnn

Sentiment analysis for lumia Sentiment analysis for iphone

Sentiment by Percent Sentiment by Percent
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Online Learning : Applications
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Online Learning for Internet Securi

A Online Anomaly Detection (outlier/intrusion)

: L | i
; ' fan
0 100 200 300 ~— 400 400
A Example

I Detection offraud credit card transactions
I Networkintrusion detectionsystems
I Spam emaifiltering, etc. < e
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Online Learning : Applications

Internet
Security

Computer
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Online Learning for Computer VisiIc

A Video surveillance application by online learnil

I Realtime object tracking

.I. DeteCt anomaIOus Inputideu Foreground Objects TTES AbnnrmalEents
events from reatime &

video streams — | Subtraction 4‘|T9§’3E%tg

Scene Model Feedback
(size and background learning rate parameters)

(Basharaet al. 2008)

(c) Bicycle on sidewalk

(a) Normal Track (b) Unusua | Path
(abnormal size and speed)
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Online Learning : Applications
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Online Learning for Multimedia Search

A Web-scale Contenbased Multimedia Retrieval
I Interactive Image/Video Search via online relevance feedback

Feedback Results

Refine yourresults

A Collaborative Multimedia Search & Annotation
I Mining massive side info (e.g., search log data) incrementally
I Example: distance metric learning, online kernel learning, etc.
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Online Learning : Applications

Internet
Security

Online
Learning

media Cor_nputer
Vision

Search

05/04/2013 (Saturday) Online Learning Steven Hoi



Online Learning for Finance

A Online Portfolio Selection

I Sequential decisionsf investing wealth among assets
O[A SO Ffd a[Qmt

PAMR —&— |

10"® | Market —+

BCRP x
- Anticor —e—

Sl
L

0000000000

et

Total Wealth Achieved
O

10
10°
Trading Days
(a) NYSE (O) dataset
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Agenda

A Online Learning
I Overview (5 min)
| Traditional Linear Online Learning (30 min)
I Nontraditional Linear Online Learning (30 min)
I Kernetbased Online Learning (30 min)
I Online Multiple Kernel Learning (30 min)
A Discussions + Q&A (30 min)
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Online Learning: Overview
A Big Data Mining: topic coverage

Data Mining Tasks

T

Descriptive Predictive

Regression

Associatio Classification

Rule Mining

Outlier

Clustering Sequenc Detection

Pattern Mining
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Online Learning: Overview
Online Learning

Online Learning with
PartialFeedback

Online Learning with
Full Feedback

A Not covered in this tutorial
I Bandits
A ACML12 Tutoriahttp://www.princeton.edu/~sbubeck/tutorial.html
A ICML Tutorialhttps://sites.google.com/site/banditstutorial/
A Prediction, Learning, and Games (Nicolo Gisachi & Gabor Lugosi)
I Reinforcement learning
A http://chercheurs.lille.inria.fr/~ghavamza/ICML20I2itorial. htm!

A http://hunch.net/~jl/projects/RL/RLTheoryTutorial.pdf -
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https://sites.google.com/site/banditstutorial/
http://chercheurs.lille.inria.fr/~ghavamza/ICML2012-Tutorial.html
http://hunch.net/~jl/projects/RL/RLTheoryTutorial.pdf

Online Learning: Overview

V First @ttercdL V Kernnel@L
V SeconcbotdeDOL V Budget@L
V Spatse0OL

Traditional Single

. Kernel .
Linear Non-Linear
Methods _ Methods
Non Multiple
Traditional Kernels
V Onlline YKL

V Online ALIG/vbax. VOMKC
V CastSensitivecDL vV OMDL

V Online Treangferdeanmnng
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Notation

Notation | Explanation

domain of an input feature space (e.g.,R?)
domain of class labels ({—1,+1} for two-class);
an instance vector from AX’;
true class label of x
predicted class label of x
a weight vector of a classifier;
a positive instance vector;
a negative instance vector;
an integer index for the t-th example;
‘() a loss function;
- an indicator function that outputs 1 if m holds and 0 else;
K(ey ) a kernel function;
K a kernel matrix.
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Online Learning: Overview

Traditional Single
Kernel

Non-Linear
Methods

Linear
Methods

Non Multiple
Traditional Kernels
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Traditional Linear Online Learning

A Online learning protocol for classification

A Thea
A Thea
A Thea
A Thea

The following scenario repeatedindefinitely:

gorit
gorit
gorit
gorit

nnrecelvesan unlabeled example

nm IS thetold the correct answer

nnmupdatesthe classifier when appropriate

A Objective

T To minimize thenistakerate of online classification

05/04/2013 (Saturday)
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PerceptronAlgorithm rosenbiatt Frank, 1958)

+

W,y

- Wiy — W — Xy

W2— Wil < Wy + Xt
N

1. Start with the all-zeroes weight vector w; = 0, and initialize ¢ to 1.
2. Given example x, predict positive iff w; - x > 0.
3. On a mistake, update as follows:

e Mistake on positive: wyq <— W; + X.

e Mistake on negative: w;i 1 < w; — X.

t<+—1t+1. ——
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CNI RAGAZ2YVIE [AYS]

A First Order Learning methods
I Perceptron(Rosenblatt, Frank, 1958)
I Online Gradient Descerfifpkevichet al., 2003)
I Passive Aggressive learning (Crammer et al., 2006)

I Others (including but not limited)
A MIRA: Margin Infused Relaxed Algoritb@rammer and Singer, 2003)

A NORMA: Naive OnlinerBgMinimization Algorithm(Kivinenet al.,
2002)

A ROMMA: Relaxed Online Maximum Margin Algorithiragd Long,
2002)

A ALMA: A New Approximate Maximal Margin Classification Algorithn
(Gentile, 2001)
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Online Gradient Descent

A Online Convex OptimizatioZiakevichet al., 2003)
A Consider a convex objective function

f:5—=R

where S c R" IS abounded convex set

A The update by Online Gradient Descent (OGD) or Stoch
Gradient Descent (SGD):

Wit — lg(wy =V f(wy))

where 7 Is called the learning rate
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Online Gradient Descent (OGD) algorithi

AwSLISIFG FNRY UIFrMIHIX
I An unlabeled example&; arrives
I Make a prediction based on existing weights

Y = Sgﬂ(WtT Xt)
i Observe the true class labei: € {+1, —1}
I Update the weights by the OGD rule:

Wi lg(wy =V f(wy))

where n >0 |s a learning rate
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Passive Aggressiynline Learning

A Passive Aggressive learnif@ammer et al., 2006)

I PA
1
Wi = arg m1n§||w —wy||* st l(wi(xe, 1)) =0.
' B 0 y(w-x) > 1
" PAL tw; (x,y)) = {1 —y(w-x)  otherwise
1

Wil = argmin§Hw —wil|* +CE st L(wi(xg,y)) <€ and € >0.

1 PAI

1
W;,1 = arg min §||W — w2+ CE st U(ws(xp 1)) < E.
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Passive Aggressiynline Learning

A Closedform solutions can be derived:

Wi — Wy —|— TtY Xy

& s (PA)

T = min{C, H!f:\lz } (PA-I)
L (PA-II)

INPUT: aggressiveness parameter C > 0
INITIALIZE: wi = (0,...,0)
For t=1,2,...

e receive instance: x; € R”

e predict: ; = sign(w; - x;)

e receive correct label: y, € {—1,+1}

e suffer loss: /, =max{0, 1 — y,(w;-x,)}

e update:

1. set:

_
U= R

(PA)

’I:t:min{C, gfz} (PA-I)

l

T =T
T

2. update: Wit :W[—f—T[_ny[

(PA-I)
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CNI RAGAZ2YVIE [AYS]

A FirstOrdermethods
I Learn dinear weight vector (first order) of model

A Pros and Cons
I Simple and easy to implement
I Efficient and scalable for higlimensional data
[ Relatively slow convergence rate
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Second Order Online Learning methoc

A Key idea
I Update the weight vectow by maintaining and exploring second
order information in addition to the first order information
A Some representative methods
I SOPSecond ordePerceptron(CesaBianchi et al, 2005
I CW:Confidence Weighted learnin@ifedzeet al, 2008)
I AROW:Adaptive Regularization of WeightsSrammer, 2009)
I SCWSoft Confidence Weighte®CW (Wang et al, 2012)

I Others (but not limited)
A IELLIP®nline Learning by Ellipsoid Method (Yang et al., 2009)
A NHERD: Gaussian Herding (Crammer & Lee 2010)
A NAROW: New variant of AROW algoriti®mapona& Crammer 2010)
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SOP: Second OrdBerceptron

A SOP: Second ordBerceptroncesasianchet al. 2005)
A Whiten Perceptron(Not incremental!!)

A Correlation matrix M = SO x,x/

A Simply run a standarBerceptronfor the following

(f\/f_l/Qajljyl) (ﬂ[ 1/2332 y2) ..... (ﬂf 1/2$T yT)
T T
Z(f"f_m )(U Y ) :Zﬂ-f_l/gzxztmg_ﬂ.f_lf?
t=1 t=1
— M Y2\ M2
=I,.

A Online algorithm (an incremental variant of WhitBerceptror)
A Augmented matrix: S: = [Xp—1 x|  Xo =0 (the empty matrix)
A Correlation matrix: 7, + S, S,
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SOP: Second OrdBerceptron

A SOP: Second ordBerceptroncesasianchet al. 2005)

Parameter: a > 0.
Initialization: Xy = (; vg = 0; k = 1.
Repeat for t =1,2....:
1. get instance x; € R";
2. set St = [Xk—l CBt};
3. predict 7; = SGN(w, ;) € {—1,+1},
where w; = (al, + S StT)_l V1]
4. get label 4y € {—1,+1};
5. if yr # y¢, then:

Vi = Vg1 + Yt Ty,
X = S,
k— k-+1.
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CW: Confidence Weighted learning

A CW: Confidence Weighted learnimegdzeet al. 2008)

I Draw a parameter veCtow ~ N (u, X)
I The margin is viewed as a random variable:
M ~N (yi(p-z;) , x| Sz;)

I The probability of a correct prediction Is

Proyn(us) M = 0] = Prynus) Wi (w - x;) > 0]
I Optimization of CW

(g1, Xit1) = min Dgp, (M (. ) | NV (g, 20))

s.t. Prily;, (w-x;) >0 >1n.

Dit, (N (pg. Zo) [V (1. 1)) :% (log (de ED) +Tr (57 S0) + (e — o) S (Hy = o) d)
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CW: Confidence Weighted learning

Prly: (w-x:) > 0] > 1 can be written as
d is the cumulative function of the

T )= d~! SR
yr (- xe) > ov/x) Sy ¢ 1) ormal distribution.
. 1 det Z@ 1 -1 1 T —1
(M1 1.2i41) = min 5 log ( det > ) + §TT (Ei E) + ) (i —p) X7 (g — p)
s.t. yi(p-x;) > ¢ (a:bTE:c@) :
ro_ llog (det Z@'> n ETI‘ (Zi—lz)
Algorithm 1 Variance Algorithm (Approximate) 2 det X 2
Input: confidence parameter ¢ = ®~1(n) +l (p; — ,u,)T ST (wy — )
initial variance parameter a > 0 2 -
Initialize: pu, =0, %, =al o (=i (pe- a:z) + ¢ (x; X))
fori=1,2... do Lemma 1 The optimal value of
Receive ; € R, y; € {+1, -1} the Lagrange multiplier is given
Set the following variables: by @i = max {~:.0}

«; as in Lemma 1
Piv1 = By + iy X (11) —(1+2¢?ﬂ-fz')+\/(1+2¢ﬂ-ﬂ)2—8® (Mi—oVi)

YL =30 4 2040 diag (x5) (17) = 40V,

i+1
end for M; =y (zi p,) V; = ] 3z,
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AROW: Adaptive Regularization of Welg
A AROW(Crammer et al. 2009)

I Extension of CW learning

I Key properties: large margin training, confidence weighting, and
capacity to handle noseparable data

A Formulations

C(p,X) = Dxr, (N(’-”a ¥) |V (’J’t—la Et—l)) + Al (Yo, - xy) + )\233323315

Crz (Yo, po- @) = (max{0, 1 — y, (- @) })°

1 det >J; 1 - 1 T
C(pn.X) = 51055 ( dettZ] 1) + §TT (Z2) + 5 (e — 1) S (g — ) —

o |

1 1
+ %Eh? (ys, o - 1) + Q—T:Bt Y,
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AROW: Adaptive Regularization of Welg

A AROW algorithncrammer et al. 2009)

Input parameters r
Initialize p, =0, Xy =1,
Fort=1.,....T
e Receive a training example x; € R?
e Compute margin and confidence ms = p, | -x: v = x, Y 1y
e Receive true label y;, and suffer loss ¢; = 1 if sign (m:) # y:
o If miy: < 1, update using eqgs. (7) & (9):

Py = by + Q1Y g =21 — Btzt—lwtmjzt—l
1
Br =

-
i Zt_1ﬂ3t +7r

vy = max (O, 1 — yta’::utl) (3¢

Output: Weight vector p and confidence Y.
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SCW: Soft Confidence Welighted learn

A SCW (Wang et al. 2012)

I Four salient properties

I Large margin, Noemeparable, Confidence
weighted (2nd order), Adaptive margin

I Formulation
ASCW
(41, Big1) = arg min Dicr (N (i, D) IV (e, 2¢)) 4+ CLO(N (1, 2); (x4, y1))

(? (N(ﬂ'a 25 (X yt)) — Inax (Oa ¢ XtTEXt — Ytk - Xt)

ASCWI

(W41, Zi41) = arg min Dicr (N (. ) IV (. 20)) + CL? (N (1, 2); (x4, 91))
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SCW: Soft Confidence Welighted learn

Proposition 1. The closed-form solution of the opti-

2 mization problem (4) is expressed as follows:
A SCW Algorithms

i1 = Wy + Oéf?Jt.EtXh EH—l =3 — 5tEfoTXrEr

where the updating coefficients are as follows:

Algorithm 1 SCW learning algorithms (SCW) | | PR
ay = min{C, max{0, — (—m) + J’mtg'— + v:2C) }}
INPUT: parameters C > 0, n > 0. | vt 1
. L T . a _ @)
INITIALIZATION: f1g = (0.....0)7, Sg = 1. 5= =15
fort=1,...,7T do ) | f )
, d where wy = F(—arvrd + Vartvle? +dv) o =
Receive an example x; € R%; TS — R
o R ¢ DeXe e = Yr(pe - X¢),0 = @7 (), =1+ 5 and
Make prediction: g, = sgn(pi—1 - X¢); ¢=1+¢2
Receive true label Yt Proposition 2. The closed-form solution of the opti-
suffer loss /¢ (N(N’t—lg Zt—1)§ (Xt, yt)); mization problem (5) is:
if (¢ (N(Mt—lg Zt—l); (Xta yt)) > ( then Bis1 = e + Y Sexe, Depr = 5 — Bi0ix T %,
Mi+1 = ¢ ‘|‘Oétytztxta 2t+1 = X —ﬁtztxtht 2t The updating coefficients are as follows:
where a; and 3; are computed by either Propo- — (2mene + 0% mevs) +
sition 1 (SCW-I) or Proposition 2 (SCW-II); a = max{l, ——
end if 5 a0
end for VUt + vz
where ¢ = o/ O2miv? + 4nsvr(ng + ved?), and ny =
U + %
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CNI RAGAZ2YVIE [AYS]

A SecondOrderMethods

I Learn bothfirst order andsecond ordeinnfo
A Prosand Cons

| Faster convergence rate

[J Expensive for higdimensional data

[ Relatively sensitive to noise
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CNI RAGAZ2YVIE [AYS]

A Empirical Resultsvanget f ®3 )L/ a[ QMH

n.145 1 1 1 | BDD I I ] ]
: : : : Perceptron : :
014 RN A ; :
o5 || == agg-ROMMA| __ . ..
135} - P ]
g [P A—] |
L L. ... ‘U_J-‘ + SOP
£ 013 5200+ et S P
Bp 125 2! =@ |ELLIP
E —— NHERD
— 012 E1507 | g AROW
& o —t— NAROW
£0.115}--F @ —— SCW—] :
% : P00 || e SCW—I |- - :
0.11 © : P
g : e :
,5!'.].1[)5--- 5[)- A -
0.1 '
0.095 i ; 5 ’ % 5
- 0 0.5 1 1.5 = 2.5 Mumber of sal:nnles w -|n“-
MNumber of samples v 10t
Online MistakeRate Online Time Cost
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Sparse Online Learning

A Motivation

I How to induceSparsityin the weights of online learning
algorithms for highkdimensional data

I Space constraints (memory overflow)
I Testtime constraints (test computational cost)

A Some popular existing work

I Truncated gradien(Langford et al., 2009)

I FOBOSForward Lookin@ubgradientgDuchiand Singer 2009)

I Bayesian sparse online learning (Balakrishnan and Madigan 20(
I etc.
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Truncated gradient angford et al., 2009)

A Main Idea

I Truncated gradientimposesparsityby modifying
the stochastic gradient descent

[
2 L(Wj,Zj) Zj = (Xf: yl)
i=1

A Stochastic Gradient Descent
f(w;) = w;—mV1L(wy, z;)
A Simple Coefficient Rounding
f(w;) = To(w; =MV L(w;,2),0) ~
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Truncated gradient angford et al., 2009)

Simple Coefficient Rounding vs. Less aggregative truncation

0

Vj

%(Vjae) — {

A

if|Vj| SG

otherwise

(max(0,v;,—o) if v; € [0,6]

hL(vj,0,0) = ¢min(0.v;+o) ifv;€[—6.0]

V)

To(x,0)

otherwise

" Ti(X,a,0)

-0 -«

Y
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Truncated gradient angford et al., 2009)
f(Wl) — H(Wi_nVIL(Wia Zf):ngfae)

A The amount of shrinkage is

Algorithm 1 Truncated Gradient for Least Squares

measured by gravity Inputs:
e threshold © > 0
parameter gj > O e gravity sequence g; => 0
. e learning rate ) € (0,1)
A The truncation can be o example oracle O

performed every K Onllne Ste initialize weights w’/ «— 0 (j=1..... d)

for trial i=1.2....

A When gf — O 1. Acquire an unlabeled example x = [Xl,,@ _____ x“’} from oracle O
the update rUIe |S |dentlca| to 2. forall weights w/ (j=1,....d)

(a) if w/ > 0 and w/ < O then W/ — max{w/ — gmn.,0}

the Standard SG D (b) elseif w/ < 0 and w’/ > —0 then W/ — min{w’ + gm.0}

A Loss Functionsz(w; z) = ¢(wlx, y) 3. Compue prediction: y= '’
i LogiStiC (])(p,)/) _ ln(l I exp(—py)) 4. Acquire the label y from oracle O
i SVM (hingeo(p.y) = max(0,1 - py)

5. Update weights for all features j: w/ < n/ +2n(y— y)&/

I Least Squary(p,y) = (p—y)?
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Truncated gradient angford et al., 2009)

A Comparison to other baselines

magic04 spambase

0 - Trunc. Grad. | 05 . o - -G-Trunc._Grad. |
' ++: Rounding ++ Rounding
0.4r -8-Sub—gradient} 0.41 -8-Sub—gradient]
2= [ asso
0.3 : : - Lasso : 0.3 e
10° 10" 10> 10° 10 10 10 10

Number of Features Number of Features
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Variants of Sparse Online Learning

A Online Feature Selection (OFS)

I A variant of Sparse Online Learning

I The key difference is that OFS focuses on selectin
fixed subset of features in online learning process

I Could be used as an alternative tool for batch
feature selection when dealing with big data

A Existing Work

I Online Feature Selection (Hoi et al, 2012) propose@ &S
scheme by exploring the Sparse Projection to choose a
fixed set of active features in online learning
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Summary of Traditional Linear OL

A Pros
| Efficient for computation & memory
I Extremely scalable
I Theoretical bounds on the mistake rate

A Cons

[ LearnLinearprediction models
[J Optimize themistake rateonly
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Online Learning: Overview

Traditional Single
Kernel
Linear Non-Linear
Methods NOm- Multiple Methods

Traditional Kernels

05/04/2013 (Saturday) Online Learning Steven Hoi



Non-Traditional Linear OL

A Online AUC Maximization
A CostSensitive Online Learning
A Online Transfer Learning
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Online AUC Maximization

A Motivation

I Themistake rate(or classification accuracy) measure coul
be misleading for many realorld applications

A Example

Consider a set df0,000instances with onl\L0 dpositivee |
9,9900negativee PnaiVe classifier that simply declares every
Ay aill vioS8ived &rddoaccuracy.

A Many applicationsd.g., anomalyletection) often adopt
other metrics e.g., AUC (area under the ROC curve).

Can online learning directly optimize AUC?
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Online AUC Maximization

A What is AUC?

I AUC(Area Under the ROC Curve)

I ROQReceiver Operating Characteristic) cutegalls the rate of
True Positives (TRgainst ——
False Positives (Fieyer
the range of possible thresholds. ...

i AUC measures the probability - °
for a randomly drawipositive =«

T

T
e

instance to have higher
decision value than a randomly - \
samplednegativeinstance \

i ROC was first used in World War Il b
for the analysis of radar signals. |~

ol | 1 I | | | I |
0 0.1 0.2 0.3 0.4 05 0.6 0.7 0.8 0.8 1
FPR or (1 - specificity)
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Online AUC Maximization

A Motivation

I To develop an online learning algorithm for training an
online classifier to maximize the AUC metric instead o

mistake rate/accuracy
iahytAyS 'V alEAYATIFOAZ2Y
A Key Challenge

I In math, AUC is expressed asuan ofpairwiselosses
between instances from different classes, which is
guadraticin the number of received training examples

I Hard to directly solve the AUC optimization efficiently
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Formulation

A A data seD={(x,y)e R x{-1,+1}|i e[T]}

A Positive instanceD. = {(x’,+1)|i e[ ]}

A Negative instanceD_ = {(x,,-1)| j [T ]}

A Given a classifiew, its AUCon the dataset D:

!

max A AUC(w) < min_ ZZH“ * _wex7<0)

i=] j=I | -
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C2NXdz F GA2Y 002y

A Replace the indicator function  with its
convex surrogate, 1.e., the hinge loss function

((w.x; — x; ) = max{0,1 — w - (x;” — x; )}

A Find the optimal classifiar by minimizing

R(W) :% wl2+CS S o(w,x - x7) (1)

i=1 j=1

A It is not difficult to show that

R(w)> %u wlf +CT.T (1= AUC(W))
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C2NXdzf F GUA2Y 002y

A Rewriting objective function(1) into:

| I, T
EH w H; +C ZZE(W,,X?—X;)

i=1 j=1

L(w;x, ) =1, _ B (WL, _ (A (W)

t—1

Bl (w Z Iy, ——)l(W.xe — %) h(w) = Y Iy, —pi)l(w.xpy —x;)

t'=1

A In onllne Iearnlng task, givek ¢y, ), we may

do online update-
P wir1 = wy — CV L (W)

The loss function is related &l received examples.
Have tostore all the received training examples!!




Main Idea of OAM

A Cacheasmallnumber of received examples;
A Twobuffers of fixed size,B,* and B~ , t@ache the
\Predictor

positive and negative instances;
Reservoir Yi
¥~ sampling Sequential or
t Gradent
= 4 = ]
Y Y Y Update buffer

Update buffer g

euters B suterc B

Flow of the proposed online AUC maximization process
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OAM Framework

A Framework for Online AUC Maximization (OAM)

Input: the penalty parameter C, the maximum buffer size N, and N_
Initializew;, =0, B} =B =0, N =N' =0
fort=1.2.....,T do
Receive a training instance (xt, yt)
if yr = +1 then
N =N+ 1 N = NC B™ =B Cr = Cmax(1,NL/N-)
B't' = UpdateBuffer(8’,x¢, N;, N™)
W, = UpdateClassifier(w:, x:, yt, Ct, B™")
else
N =N g NPT = NG BT = BY L G = Cmax(1, NL/NL)
B! = UpdateBuffer(B", x;, N_,N'"")
w;.; = UpdateClassifier(w;, x;. y:. C;, B."")
end if
end for
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Update Buffer

A Reservoir Samplin@]. S. Vitter, 1985)

I A family of classical sampling algorithms for randomly
choosing k samples from a data set with n items, where n is
either a very large or unknown number.

I In general, it takes mndomsample set of thelesired sizan
onlyone passver the underlying dataset.

I TheUpdateBufferalgorithm is simple and very efficient:

Sample Z from a Bernoulli distribution with Pr(Z =1) = N/N¢ya
if 7 =1 then

Randomly delete an instance from B

Bt = B U {x,}
end if
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Update Classifier

A Algorithm 1: Sequential update by PA:

I Follow the idea of Passive aggressive learain@d v Y $ NJ
I For eachx in buffer B, update the classifier:

w'T = arg min |w — w'[5 + C (W, ye(x¢ — X))

A Algorithm 2: Gradienbased update

I Follow the idea of online gradient descent

I For eachx in buffer B, update the classifier:
if yyw; - (x; —x) <1 then

Wil = Wil + Crye (X — X) /2
end if
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Empirical Results of OAM

A Comparisons

I Traditional algorithms:

A Perceptron PA, Cossensitive PA (CPA), CW
I The proposed OAM algorithms:

(1) OAMseq OAMqgra, (i) OAMINf (infinite buffer size)

A Evaluation of AUC for Classification tasks
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0.956 4 0.013
0.955 = 0.014

0.956 4+ 0.013

0.820 & 0.016
0.817 = 0.023

Online Learning Steven Hoi

Algorithm segment letter satimage

Perceptron | 0.852 4+ 0.024 0.551 + 0.092 | 0.605 = 0.025
PA-I 0.863 £ 0.021 0.533 + 0.104 | 0.646 £ 0.024
CW-full 0.896 £+ 0.021 0.804 + 0.025 | 0.619 £+ 0.024
CPApgp 0.888 £ 0.018 0.784 + 0.056 | 0.811 £ 0.022
CPAML 0.886 &+ 0.021 0.802 + 0.035 | 0.828 4+ 0.024

0.919 = 0.014
0.911 & 0.017

0.921 + 0.013




CostSensitive Online Learning

A Motivation
I Beyond optimizing the mistake rate or accuracy
I Attempt to optimize thecostsensitivemeasures
ASum sum =1, X sensitivity + 1, X specificity
T, — M, Tp—M, np+n,=1

sensitivity = specificity =
g 1y | 1 | 0=, 0n =1

ACost cost = ¢, x M, + ¢, x M,

0 < ¢p,cp, < 1 ¢+ = 1
A Existing Work

I Costsensitive Online Gradient Descent (Wang et al. 2012)
I CostSensitive Double Updating Online Learning (Zhao et al. 2013)
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CostSensitiveOnline Learning

A Our goal is to design online learning algorithn
to optimize the coskensitive metrics directly

A Proposition 1:

I Considera costsensitive classification problem, the goal
maximizing the weighted suor minimizing the weighted
costis equivalent to minimizing the following objective

P Z Iytf}{t <0) + Z Iytf}{t )<0)
Yt=—

yt=-=+1 T
. My . _
| where r = 0T for the maximization of theveighted sum;
nLp

C

. P .. ) ]
| andp = P for the minimization of thecost .
n /
‘ ",.‘
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CostSensitive Online Learning
A Convex Relaxation
I Modified HingelLoss:
Replaceghe indicatorfunction withmodified hinge loss

Hw; (x,y))

max (0, (p* [y—1) + [(y=—1)) —y(w-x))

gﬂ(w; (Xa y)) — (:0 * I(’yzl)_l_l(y:—l))*max(o: 1 — y(W ' X))
A Npd
sSum p =
P Ml
C
Acost p=-2L
C'n,

yH(w - x)
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CostSensitive Online Gradient Descen

A CSOGD: CeSkensitive Online Gradient Descent
I Costsensitive objective functions

:—lel"‘wa (xt.y¢)) * € {I.11}

( 5 (Xa y)) - maX(O, ()O * I(yzl) -+ I(y:—l)) — y(W | X))
gﬂ(w; (Xa y)) — ()O * I(y:l)_l_l(y:—l))*max(oa 1 — y(W | X))
T, ... c
Awhere p = ZiTp for optimizing sum cp = = for cost

I Update by Online Gradient Descent

Wil = W, — AV (wy)

| oweF Ayexe it (wy) >0 Wa.— 4 Wt + Apeyexe 1 Lg(wy) >0
Wi+l =\ w, otherwise t+l W otherwise — =
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CostSensitive Online Gradient Descen

A CSOGD: CoeSensitive Online Gradient Descent
I Formulate the cossensitive objective functions

:—\|w||2+02f (xe.ye) =€ {I.1I}

(W; (Xa y)) — maX(O, ()O * I(yzl) + I(y:—l)) - y(W ' X))
gﬂ(w; (Xa y)) — ()O * I(y:l)_l_l(y:—l))*max(oa 1 — y(W | X))
Ty ..
Awhere p = niTp for optimizing sum cp = Ci for cost

I Update by Online Gradient Descent
Wi = Wi — AV (wy)

o Wy + /\ytxt if ft(wt) > 0 W — Wi + )\Ptytxt if gt (Wt) > 0
Wi+l = Wi otherwise t+l Wy otherwise
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CostSensitive Online Gradient Descen
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