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Agenda

ÅIntroduction (25 min)
ïBig Data Mining: Opportunities & Challenges

ïOnline Learning: What, Why, Where

ÅOnline Learning
ïOverview (5 min)

ïTraditional Linear Online Learning (30 min)

ïNon-traditional Linear Online Learning (30 min)

ïKernel-based Online Learning (30 min)

ïOnline Multiple Kernel Learning (30 min)

ÅDiscussions + Q&A (30 min)
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From http://visual.ly/big-data
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Big Data Mining: Opportunities
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Big Data Mining: Challenges
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Ådata size in 
millions or even 
billions scale

ÅLimited
computational  
capacity & budget
(CPU/RAM/DISK)

ÅCapability of handling diverse 
information evolving dynamically

Volume Velocity

VarietyAdaptability

Efficiency Scalability



What is Online Learning? 
Batch/Offline Learning  vs.
ïLearn a model from a 

batchof training data

ïA test data set is used to 
validate the model
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Online Learning
ïLearn a model incrementally

from a sequenceof instances

ïMake the sequence of online 
predictions accurately

Example:  
Online  Classification

Predictor

Update
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Why Online Learning?

VAvoid re-training when adding new data

VHigh efficiency

VExcellent scalability

VStrong adaptability to changing environments 

VSimple to understand

VTrivial to implement

VEasy to be parallelized 

VTheoretical guarantee
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Where to apply Online Learning?
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Online 
Learning

Social 
Media

Internet 
Security

Computer
Vision

Multi-
media

Search

Finance
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Online Learning : Applications
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Online 
Learning

Social 
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Online Learning for Social Media

ÅOnline mining of social media streams

ÅBusiness intelligence applications

ïPublic emotion analytics

ïProduct sentiment detection

ïTrack brand sentiments
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Online Learning : Applications
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Online 
Learning

Social 
Media

Internet 
Security

Computer 
Vision

Multi-
media

Search

Finance
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Online Learning for Internet Security

ÅOnline Anomaly Detection (outlier/intrusion)

ÅExample

ïDetection of fraud credit card transactions

ïNetwork intrusion detectionsystems

ïSpam emailfiltering, etc.
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Online Learning : Applications
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Online 
Learning

Social 
Media

Internet 
Security

Computer
Vision
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media

Search

Finance
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Online Learning for Computer Vision

ÅVideo surveillance application by online learning 
ïReal-time object tracking

ïDetect anomalous 
events from real-time
video streams
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(Basharatet al. 2008)
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Online Learning : Applications
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Online 
Learning

Social 
Media

Internet 
Security

Computer 
Vision

Multi-
media

Search

Finance
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Online Learning for Multimedia Search

ÅWeb-scale Content-based Multimedia Retrieval
ïInteractive Image/Video Search via online relevance feedback

ÅCollaborative Multimedia Search & Annotation
ïMining massive side info (e.g., search log data) incrementally
ïExample: distance metric learning, online kernel learning, etc. 
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Online Learning : Applications
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Online 
Learning

Social 
Media

Internet 
Security

Computer 
Vision
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media

Search

Finance
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Online Learning for Finance

ÅOn-line Portfolio Selection

ïSequential decisionsof investing wealth among assets
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ό[ƛ Ŝǘ ŀƭΦ a[ΩмнΣ L/a[Ωмнύ
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Agenda

ÅIntroduction (25 min)
ïBig Data Mining: Opportunities & Challenges

ïOnline Learning: What, Why, Where

ÅOnline Learning
ïOverview (5 min)

ïTraditional Linear Online Learning (30 min)

ïNon-traditional Linear Online Learning (30 min)

ïKernel-based Online Learning (30 min)

ïOnline Multiple Kernel Learning (30 min)

ÅDiscussions + Q&A (30 min)
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Online Learning: Overview

ÅBig Data Mining: topic coverage
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Data Mining Tasks

Descriptive Predictive

Clustering

Association
Rule Mining

Sequence
Pattern Mining

Classification

Outlier
Detection

Regression
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Online Learning: Overview

ÅNot covered in this tutorial
ïBandits
ÅACML12 Tutorial: http://www.princeton.edu/~sbubeck/tutorial.html
ÅICML Tutorial: https://sites.google.com/site/banditstutorial/
ÅPrediction, Learning, and Games (Nicolo Cesa-Bianchi & Gabor Lugosi)

ïReinforcement learning
Åhttp://chercheurs.lille.inria.fr/~ghavamza/ICML2012-Tutorial.html
Åhttp://hunch.net/~jl/projects/RL/RLTheoryTutorial.pdf
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Online Learning

Online Learning with 
PartialFeedback

Online Learning with 
Full Feedback
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Classification
Regression
Ranking
Χ

Online Learning: Overview

Single 
Kernel

Multiple 
Kernels

Non-
Traditional

Traditional
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Linear 
Methods

Non-Linear
Methods

VFirst order OL
VSecond order OL
VSparse OL

VOnline AUC Max. 
VCost-Sensitive OL
VOnline Transfer Learning

VKernel OL
VBudget OL

VOnline MKL
VOMKC
VOMDL
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Notation
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Online Learning: Overview

Single 
Kernel

Multiple 
Kernels

Non-
Traditional

Traditional
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Linear 
Methods

Non-Linear
Methods
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Traditional Linear Online Learning

ÅOnline learning protocol for classification

ÅObjective

ïTo minimize the mistakerate of online classification
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The following scenario is repeated indefinitely:
Å The algorithm receivesan unlabeled example
Å The algorithm predictsa classification of this example;
Å The algorithm is then told the correct answer
Å The algorithm updatesthe classifier when appropriate
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PerceptronAlgorithm (Rosenblatt Frank, 1958)
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+

-

1w

2w

3w
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¢ǊŀŘƛǘƛƻƴŀƭ [ƛƴŜŀǊ hƴƭƛƴŜ [ŜŀǊƴƛƴƎ όŎƻƴǘΩύ

ÅFirst Order Learning methods

ïPerceptron(Rosenblatt, Frank, 1958) 

ïOnline Gradient Descent (Zinkevichet al., 2003)

ïPassive Aggressive learning (Crammer et al., 2006)

ïOthers (including but not limited)
ÅMIRA: Margin Infused Relaxed Algorithm (Crammer and Singer, 2003)

ÅNORMA: Naive Online R-regMinimization Algorithm (Kivinenet al., 
2002)

ÅROMMA: Relaxed Online Maximum Margin Algorithm (Li and Long, 
2002)

ÅALMA: A New Approximate Maximal Margin Classification Algorithm  
(Gentile, 2001)
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Online Gradient Descent

ÅOnline Convex Optimization (Zinkevichet al., 2003)
ÅConsider a convex objective function

where         is a bounded convex set

ÅThe update by Online Gradient Descent (OGD) or Stochastic 
Gradient Descent (SGD): 

where        is called the learning rate 
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Online Gradient Descent (OGD) algorithm

ÅwŜǇŜŀǘ ŦǊƻƳ ǘҐмΣнΣΧ

ïAn unlabeled example       arrives

ïMake a prediction based on existing weights

ïObserve the true class label 

ïUpdate the weights by the OGD rule:

where            is a learning rate
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Passive Aggressive Online Learning

ÅPassive Aggressive learning (Crammer et al., 2006)

ïPA

ïPA-I

ïPA-II
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Passive Aggressive Online Learning

ÅClosed-form solutions can be derived:
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¢ǊŀŘƛǘƛƻƴŀƭ [ƛƴŜŀǊ hƴƭƛƴŜ [ŜŀǊƴƛƴƎ όŎƻƴǘΩύ

ÅFirst-Order methods

ïLearn a linear weight vector (first order) of model  

ÅPros and Cons

ᶉ Simple and easy to implement

ᶉ Efficient and scalable for high-dimensional data

ᶈRelatively slow convergence rate
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Second Order Online Learning methods

ÅKey idea

ïUpdate the weight vector w by maintaining and exploring second 
order information in addition to the first order information

ÅSome representative methods

ïSOP:Second order Perceptron(Cesa-Bianchi et al, 2005)

ïCW:Confidence Weighted learning (Dredzeet al, 2008)

ïAROW:Adaptive Regularization of Weights (Crammer, 2009)

ïSCW:Soft Confidence Weighted (SCW) (Wang et al, 2012)

ïOthers (but not limited)
ÅIELLIP:Online Learning by Ellipsoid Method (Yang et al., 2009)

ÅNHERD: Gaussian Herding (Crammer & Lee 2010)

ÅNAROW: New variant of AROW algorithm (Orabona& Crammer 2010)
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SOP: Second Order Perceptron
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ÅSOP: Second order Perceptron(Cesa-Bianchet al. 2005)

ÅWhiten Perceptron(Not incremental!!)

Å Correlation matrix 

Å Simply run a standard Perceptronfor the following

ÅOnline algorithm (an incremental variant of Whiten Perceptron)

Å Augmented matrix:

Å Correlation matrix:
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SOP: Second Order Perceptron

ÅSOP: Second order Perceptron(Cesa-Bianchet al. 2005)
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CW: Confidence Weighted learning

ÅCW: Confidence Weighted learning (Dredzeet al. 2008)

ïDraw a parameter vector

ïThe margin is viewed as a random variable:

ïThe probability of a correct prediction is

ïOptimization of CW
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CW: Confidence Weighted learning
can be written as 
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Lemma 1: The optimal value of 
the Lagrange multiplier is given 
by

is the cumulative function of the 
normal distribution.
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ÅAROW(Crammer et al. 2009)

ïExtension of CW learning 

ïKey properties: large margin training, confidence weighting, and the 
capacity to handle non-separable data

ÅFormulations
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AROW: Adaptive Regularization of Weights
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AROW: Adaptive Regularization of Weights

ÅAROW algorithm (Crammer et al. 2009)
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SCW: Soft Confidence Weighted learning

ÅSCW (Wang et al. 2012)

ïFour salient properties

ᶉ Large margin,  Non-separable,  Confidence 
weighted (2nd order),  Adaptive margin

ïFormulation

ÅSCW-I

ÅSCW-II
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SCW: Soft Confidence Weighted learning

ÅSCW Algorithms
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¢ǊŀŘƛǘƛƻƴŀƭ [ƛƴŜŀǊ hƴƭƛƴŜ [ŜŀǊƴƛƴƎ όŎƻƴǘΩύ

ÅSecond-OrderMethods

ïLearn both first order and second order info

ÅPros and Cons

ᶉ Faster convergence rate 

ᶈExpensive for high-dimensional data

ᶈRelatively sensitive to noise
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¢ǊŀŘƛǘƛƻƴŀƭ [ƛƴŜŀǊ hƴƭƛƴŜ [ŜŀǊƴƛƴƎ όŎƻƴǘΩύ

ÅEmpirical Results (Wang et ŀƭΦΣ L/a[Ωмн)
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Online Mistake Rate Online Time Cost 
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Sparse Online Learning

ÅMotivation

ïHow to induce Sparsityin the weights of online learning 
algorithms for high-dimensional data

ïSpace constraints (memory overflow)

ïTest-time constraints (test computational cost)

ÅSome popular existing work
ïTruncated gradient (Langford et al., 2009)

ïFOBOS: Forward Looking Subgradients(Duchiand Singer 2009)

ïBayesian sparse online learning (Balakrishnan and Madigan 2008)

ïetc.
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Truncated gradient (Langford et al., 2009) 

ÅMain Idea

ïTruncated gradient: impose sparsityby modifying 
the stochastic gradient descent 

ÅStochastic Gradient Descent

ÅSimple Coefficient Rounding
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Truncated gradient (Langford et al., 2009) 
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Illustration of the two truncation functions, T0 and T1

Simple Coefficient Rounding vs. Less aggregative truncation
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Truncated gradient (Langford et al., 2009) 

ÅThe amount of shrinkage is 
measured by a gravity 
parameter

ÅThe truncation can be 
performed every K online steps

ÅWhen
the update rule is identical to 
the standard SGD

ÅLoss Functions:
ïLogistic

ïSVM (hinge)

ïLeast Square
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Truncated gradient (Langford et al., 2009) 

ÅComparison to other baselines
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Variants of Sparse Online Learning

ÅOnline Feature Selection (OFS)

ïA variant of Sparse Online Learning

ïThe key difference is that OFS focuses on selecting a 
fixed subset of features in online learning process

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

ÅExisting Work
ïOnline Feature Selection (Hoi et al, 2012) proposed an OFS 

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

ÅPros

ᶉ Efficient for computation & memory

ᶉ Extremely scalable 

ᶉ Theoretical bounds on the mistake rate

ÅCons

ᶈLearn Linearprediction models

ᶈOptimize the mistake rate only
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Online Learning: Overview

Single 
Kernel

Multiple 
Kernels

Non-
Traditional

Traditional
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Linear 
Methods

Non-Linear
Methods
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Non-Traditional Linear OL

ÅOnline AUC Maximization

ÅCost-Sensitive Online Learning

ÅOnline Transfer Learning
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Online AUC Maximization

ÅMotivation

ïThe mistake rate (or classification accuracy) measure could 
be misleading for many real-world applications

ÅExample:

Consider a set of 10,000instances with only 10άpositiveέ ŀƴŘ 
9,990άnegativeέΦ ! naïveclassifier that simply declares every 
ƛƴǎǘŀƴŎŜ ŀǎ άnegativeέ Ƙŀǎ 99.9%accuracy. 

ÅMany applications (e.g., anomaly detection) often adopt 
other metrics, e.g., AUC (area under the ROC curve). 
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Can online learning directly optimize AUC?

54



Online AUC Maximization

ÅWhat is AUC?
ïAUC(Area Under the ROC Curve)

ïROC(Receiver Operating Characteristic)  curve details the rate of 
True Positives (TP)against 
False Positives (FP)over 
the range of possible thresholds.

ïAUC measures the probability 
for a randomly drawn positive
instance to have a higher
decision value than a randomly 
sampled negativeinstance

ïROC was first used in World War II 
for the analysis of radar signals.
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Online AUC Maximization

ÅMotivation

ïTo develop an online learning algorithm for training an 
online classifier to maximize the AUC metric instead of 
mistake rate/accuracy

ïάhƴƭƛƴŜ !¦/ aŀȄƛƳƛȊŀǘƛƻƴέ ό½Ƙŀƻ Ŝǘ ŀƭΦΣ L/a[Ωммύ

ÅKey Challenge

ïIn math, AUC is expressed as a sum of pairwiselosses
between instances from different classes, which is 
quadratic in the number of received training examples

ïHard to directly solve the AUC optimization efficiently
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Formulation

ÅA data set

ÅPositive instances

ÅNegative instances

ÅGiven a classifier w, its AUCon the dataset D:
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CƻǊƳǳƭŀǘƛƻƴ όŎƻƴǘΩύ

ÅReplace the indicator function     with its 
convex surrogate, i.e., the hinge loss function

ÅFind the optimal classifier w by minimizing

ÅIt is not difficult to show that 
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I

(1)
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CƻǊƳǳƭŀǘƛƻƴ όŎƻƴǘΩύ

ÅRe-writing objective function (1) into: 

ÅIn online learning task, given (          ), we may 
do online update:
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The loss function is related to all received examples. 
Have to store all the received training examples!!

,t tx y
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Main Idea of OAM 
ÅCachea small number of received examples;

ÅTwo buffers of fixed size,         and       , to cache the 
positive and negative instances;
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Buffer + Buffer ς
update 

classifier

Update buffer

Predictor

Update buffer

tx

ty

( )tf x

1ty =+ 1ty =-

tB+

tB-

tB-

tB+

Flow of the proposed online AUC maximization process

Reservoir 
sampling Sequential or 

Gradient
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OAM Framework
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Update Buffer

ÅReservoir Sampling (J. S. Vitter, 1985)
ïA 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.

ïIn general, it takes a randomsample set of thedesired sizein 
only one passover the underlying dataset.

ïThe UpdateBufferalgorithm is simple and very efficient:
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Update Classifier

ÅAlgorithm 1: Sequential update by PA: 
ïFollow the idea of Passive aggressive learning ό/ǊŀƳƳŜǊ Ŝǘ ŀƭΦΩлсύ

ïFor each x in buffer B, update the classifier: 

ÅAlgorithm 2: Gradient-based update
ïFollow the idea of online gradient descent 

ïFor each x in buffer B, update the classifier:
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Empirical Results of OAM

ÅComparisons
ïTraditional algorithms: 

ÅPerceptron, PA, Cost-sensitive PA (CPA), CW

ïThe proposed OAM algorithms: 
(i) OAM-seq, OAM-gra, (ii) OAM-inf (infinite buffer size)

ÅEvaluation of AUC for Classification tasks
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Cost-Sensitive Online Learning

ÅMotivation
ïBeyond optimizing the mistake rate or accuracy

ïAttempt to optimize the cost-sensitivemeasures
ÅSum

ÅCost

ÅExisting Work
ïCost-sensitive Online Gradient Descent (Wang et al. 2012)

ïCost-Sensitive Double Updating Online Learning (Zhao et al. 2013)
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Cost-Sensitive Online Learning

ÅOur goal is to design online learning algorithms 
to optimize the cost-sensitive metrics directly
ÅProposition 1: 
ïConsider a cost-sensitive classification problem, the goal of 

maximizing the weighted sum or minimizing the weighted 
cost is equivalent to minimizing the following objective:

ïwhere for the maximization of the weighted sum;

ïand for the minimization of the cost.
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Cost-Sensitive Online Learning
ÅConvex Relaxation

ïModified Hinge Loss:

Replace the indicator function with modified hinge loss:

Åsum

Åcost
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Cost-Sensitive Online Gradient Descent

ÅCSOGD: Cost-Sensitive Online Gradient Descent

ïCost-sensitive objective functions

Åwhere for optimizing sum or for cost

ïUpdate by Online Gradient Descent 
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Cost-Sensitive Online Gradient Descent

ÅCSOGD: Cost-Sensitive Online Gradient Descent

ïFormulate the cost-sensitive objective functions

Åwhere for optimizing sum or for cost

ïUpdate by Online Gradient Descent 
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Cost-Sensitive Online Gradient Descent
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