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History of learningHistory of learningHistory of learningHistory of learning

Learning in the jungle …… Learning through machines …
Image from http://www.buildamovement.com/blog/wp‐content/uploads/2009/09/evolution.jpg

The connections between machine learning and biology

evolutionary computing, perceptron, neural networks, …

Big breakthroughs in the community =  tiny steps in the history 



An expedition towards the real An expedition towards the real 
computational intelligencecomputational intelligence

Synthetic BiologyRobotics
Figure adapted from Figure adapted fromFigure adapted from 
http://www.gadgets‐reviews.com

Figure adapted from
http://adamant.typepad.com

Pattern Analysis
ISS E diti 9 NASA d t d f Figure adapted fromISS Expedition 9, NASA, adapted from  
apod.nasa.gov/apod/image/0408/supply_iss.jpg

Figure adapted from 
http://treepax.com/blog/2007/11/20/girls‐face/



Adaptability and exquisiteness Adaptability and exquisiteness of of 
biological intelligence (1) biological intelligence (1) 
Learning from multiple senses

Integration and prioritization of the sensesIntegration and prioritization of the senses

Fi f h b d i d t d f Wid Cli i htt // id li i /h lth ht lFigure of human body is adapted from Widen Clinic, http://www.widenclinic.com/health.html
Figure of brain is adapted from Jodi house, www.cycrout.com/jillianpwinslow/brain.jpg



Adaptability and exquisiteness Adaptability and exquisiteness of of 
biological intelligence (2) biological intelligence (2) 
Geometry reconstruction in a higher dimensional space using 
multiple lower dimensional projections

Multi‐view learning

Pololu Mini Metal Gearmotor Bracket Pair
Figure adapted from www.pololu.com

Mechanical Sample Drawing
Figure adapted from sofeon.com/mechanical.jpg



From biological intelligence to From biological intelligence to 
machine intelligencemachine intelligence
Human brains: abstract knowledge high level inferenceHuman brains: abstract knowledge, high‐level inference

Machine learning and data mining: statistical and numerical 
patternspatterns

Incorporating more information sources in machine 
learning and data mining may be beneficiallearning and data mining may be beneficial

to improve the statistical significance

to leverage the interactions and correlations betweento leverage the interactions and correlations between 
multiple observations

to reduce the noiseto reduce the noise

to obtain more refined and high‐level knowledge



MultiMulti--source machine learning: source machine learning: 
historical backgroundhistorical background
Canonical correlation (Hotelling 1936)Canonical correlation (Hotelling, 1936)

Inductive logic programming (Muggleton and De Raedt, 
1994) and multi‐source learning search space (Fromont et1994) and multi‐source learning search space (Fromont et 
al., 2005)

Additive model and ensemble learningAdditive model and ensemble learning
Bagging (Breiman, 1996) and Boosting (Freund and Schapire, 1997)

Feed‐forward neural network ensemble (Drucker et al., 1993)

Bayesian networks integration (Pearl, 1988; Gevaert, 2008)

Kernel‐based data fusion (Vapnik, 1998; Boser et al., 1992; ( p , ; , ;
Bach et al., 2003; Lanckriet et al., 2004)



Kernel methods primerKernel methods primer
Dual representation kernel trick and feature (Hilbert) space

Kernel methods primerKernel methods primer
Dual representation, kernel trick and feature (Hilbert) space

Bayesian network learning: training data  model parameters
Kernel methods: keeping the training data during the prediction p g g g p
phase as a metric defined as the inner product (dual representation) 
of any two data points

Linear input space Nonlinear embeddings in a higherLinear input space       Nonlinear embeddings in a higher 
dimensional feature space (Hilbert space)

The inner product of the embedded data is specified via a kernel 
function                                                     , known as the kernel trick



Kernel methods for classificationKernel methods for classificationKernel methods for classificationKernel methods for classification

S t V t M hiSupport Vector Machines

Figure adapted from www.imtech.res.in/raghava/rbpred/svm.jpg



Kernel methods for classificationKernel methods for classificationKernel methods for classificationKernel methods for classification
Vapnik’s SVMVapnik s SVM

Figure adapted from Hastie 
et al., 2009



Kernel methods for data fusionKernel methods for data fusion

Additi i f th di ti f ti

Kernel methods for data fusionKernel methods for data fusion

Additive expansion of the prediction function

Denote                    , we have: 

In a dual representation the additive expansion of SVMs onIn a dual representation, the additive expansion of SVMs on 

multiple data source is denoted as kernel fusion



Loss functions in kernel methodsLoss functions in kernel methodsLoss functions in kernel methodsLoss functions in kernel methods
In SVMs there are many criteria to assess the quality ofIn SVMs, there are many criteria to assess the quality of 

predictions based on observations



Kernel methods for clusteringKernel methods for clusteringKernel methods for clusteringKernel methods for clustering

Figure adapted from www imtech res in/raghava/rbpred/svm jpgFigure adapted from www.imtech.res.in/raghava/rbpred/svm.jpg

Figure adapted from 
htt //b 2 i j /RGM2/R t/lib /k lhttp://bm2.genes.nig.ac.jp/RGM2/R_current/library/kernla
b/man/images/specc_001.png

Figure adapted from http://users.informatik.uni‐
halle.de/~jopsi/drand04/mincut.gif



A bioinformaticsA bioinformaticsA bioinformatics A bioinformatics 
perspectiveperspective

DNA image from the U S Department of Energy Human GenomeDNA image from the U. S. Department of Energy Human Genome 
Project
Microarray image from bio.davidson.edu
Interaction network image from systemsbiology.org.au
Sequence image from firstscience.com
GO image from geneontology.org
Motif image from 
http://www.pnas.org/content/102/33/11651/F1.medium.gif
Text mining image from arkabio.com
Optimization image from commons.wikimedia.orgOptimization image from commons.wikimedia.org
Classification image adapted from Van Looy et al. Critical Care 2007 
11:R83  doi:10.1186/cc6081
Clustering image adapted from 
http://www.mathworks.com/matlabcentral/fx_files/19344/1/previe
w jpgw.jpg



Rayleigh quotient problems in Rayleigh quotient problems in 
machine learning algorithmsmachine learning algorithms

The (general) Rayleigh quotient (RQ) type problem

Principal Component Analysis, Canonical Correlation 

A l i Fi h Di i i A l i K l iAnalysis, Fisher Discriminant Analysis, K‐means clustering, 

spectral clustering, Kernel Laplacian clustering, one class 

SVM, least squares SVM, Partial least squares …

The solution to the RQ type problem can be 
straightforwardly extended to a set of algorithms



Kernel fusion for RQKernel fusion for RQ type problemstype problemsKernel fusion for RQKernel fusion for RQ--type problemstype problems

Problem statement

Sparse( norm) and non sparse ( norm)Sparse(                  ‐norm) and non‐sparse (               ‐norm) 
solutions for data fusion

Automatic optimization ofAutomatic optimization of 
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Topic 1: Kernel fusion for one classTopic 1: Kernel fusion for one classTopic 1: Kernel fusion for one class Topic 1: Kernel fusion for one class 
problem: algorithms and applicationsproblem: algorithms and applicationsp g ppp g pp

Data samples



Fundamental problemFundamental problemFundamental problemFundamental problem

δ = 1

δ = 2



Kernel coefficients in kernel fusionKernel coefficients in kernel fusionKernel coefficients in kernel fusionKernel coefficients in kernel fusion

Let’s denote the combined matrix as

This extension can be applied to a wide range of kernel 

fusion algorithms



One class Support Vector MachineOne class Support Vector MachineOne class Support Vector MachineOne class Support Vector Machine
training data

(Tax and Duin, 1999)
(Scholköpf et al., 2001)( p )
(Manevitz and Yousef, 2001)



Kernel fusion in one class SVMKernel fusion in one class SVMKernel fusion in one class SVMKernel fusion in one class SVM

‐norm kernel fusion (De Bie et al., 2007)

‐norm kernel fusion (Yu et al., 2009)



Disease gene prioritizationDisease gene prioritizationDisease gene prioritizationDisease gene prioritization

Image adapted from Aerts et al., 2006



Case study 1: kernel based Case study 1: kernel based 
disease gene prioritizationdisease gene prioritization

Prediction function:

ROC curve image adapted from http://www.svgopen.org/2008/papers/69‐
Evaluating_the_Quality_of_MultipleChoice_Tests_with_Automatically_Generated_Visualizations/sample_roc.png



Application 1: kernel based disease Application 1: kernel based disease 
gene prioritizationgene prioritization



Application 2: gene prioritization by Application 2: gene prioritization by 
multimulti--view text miningview text mining
Multi‐view text mining

Bag of words lti i t t l d lBag of words multi‐view textual models



Application 2: gene prioritization by Application 2: gene prioritization by 
multimulti--view text miningview text mining



Application 2: gene prioritization by Application 2: gene prioritization by 
multimulti--view text miningview text mining

Multi‐view performs better than merging VOCs

Multi‐view performs better than the best individual VOC

Kernel fusion + Latent semantic indexing performs the best



Software: EndeavourSoftware: Endeavour MerKatorMerKatorSoftware: Endeavour Software: Endeavour MerKatorMerKator



Software: EndeavourSoftware: Endeavour MerKatorMerKatorSoftware: Endeavour Software: Endeavour MerKatorMerKator



Summary: Kernel fusion for one Summary: Kernel fusion for one 
class problemclass problem

Dual problem of one class SVM = the fundamental form of 

kernel fusion

Comparison of        ‐norm with      ‐norm kernel fusion

M lti i t t i i f di i iti tiMulti‐view text mining for disease gene prioritization

data fusion + dimensionality reduction

Endeavour MerKator software

single organism multiple organismssingle organism  multiple organisms

text mining data  multiple genomic data sets



Related publicationsRelated publicationsRelated publicationsRelated publications



Topic 2: Kernel fusion for multiTopic 2: Kernel fusion for multi classclassTopic 2: Kernel fusion for multiTopic 2: Kernel fusion for multi--class class 
machine learning problemsmachine learning problemsg pg p

Data samples



Support Vector MachinesSupport Vector MachinesSupport Vector MachinesSupport Vector Machines



Kernel fusion for multiKernel fusion for multi class problemclass problemKernel fusion for multiKernel fusion for multi--class problemclass problem

Vapnik’s SVM: hinge loss function 

L∞‐norm solution: 
(Lanckriet et al., 2004; Bach et al., 2003)

L2‐norm solution: (Yu et al., 2009 )
( , ; , )



Kernel fusion for multiKernel fusion for multi class problemclass problemKernel fusion for multiKernel fusion for multi--class problemclass problem

• Least squares SVM (LS‐SVM)

L l iL∞‐norm solution: 
(Ye et al., 2008; Yu et al., 2009)

L2‐norm solution: (Yu et al., 2009 )



Application 3: clinical decision Application 3: clinical decision 
support by medical data fusionsupport by medical data fusion

clinical decision support by integrating microarray and 
proteomics data (Daemen et al., 2009)

l d frectal cancer diagnosis of 36 patients

tissue and plasma samples were gathered at three time points
before treatment (T0)

at the early therapy treatment (T1)

d t th t f (T2)and at the moment of surgery (T2)

4 linear kernel matrices to combine
ti l 2 i d t t (MA T0 d MA T1)tissue samples: 2 microarray data sets  (MA T0 and MA T1)

plasma samples: 2 proteomics data sets (PT T0 and PT T1)



Application 3: clinical decision Application 3: clinical decision 
support by medical data fusionsupport by medical data fusion



Summary: Kernel fusion for Summary: Kernel fusion for 
multimulti--class problemclass problem

Main contributions: a novel L2‐norm LS‐SVM formulation for 
multiple kernel learning

b d lLS‐SVM becomes L2 in dual aspects
primal: L2‐norm cost function (Suykens et al., 2002)

dual: L norm kernel fusion (Yu et al 2009)dual: L2‐norm kernel fusion (Yu et al., 2009)

LS‐SVM is also non‐sparse in dual sets of variables
support vectors: non‐sparse (Suykens et al 2002)support vectors: non‐sparse (Suykens et al., 2002)

kernel coefficients: non‐sparse (Yu et al., 2009)

In machine learning, the performance of an algorithm usuallyIn machine learning, the performance of an algorithm usually 
depends on the specific problem

The computational efficiency is a solid advantage p y g



Summary: Kernel fusion for Summary: Kernel fusion for 
multimulti--class problemclass problem
...

From supervised learning to unsupervised learning

Challenges
non‐convex, NP‐hard problem on unlabeled data

large scale data (training + test) and computational complexity

model evaluation and data collection



Topic 3: Kernel fusion for largeTopic 3: Kernel fusion for largeTopic 3: Kernel fusion for large Topic 3: Kernel fusion for large 
scale datascale data

Figure adapted from http://sites.google.com/site/romainrigaux/hadoop‐movies.png



Computational burden of kernel Computational burden of kernel 
fusionfusion
M i t i bl t l k l f iMemory intensive problem to solve kernel fusion as 
quadratic programming

K1

K2 Class 1 vs All
coefficient matrix
i ti i tiK3

K

in optimization 
problem

K1

K2
Class 2 vs All

2



SemiSemi infinite programming (SIP)infinite programming (SIP)SemiSemi--infinite programming (SIP)infinite programming (SIP)

A conceptual example



SIP for kernel fusionSIP for kernel fusionSIP for kernel fusionSIP for kernel fusion

A Bi‐level optimization approach

While there are violating constraints {
step1: to optimize the kernel coefficients

step2: to solve a single kernel SVM

}}
LS‐SVM : a linear system solution!



Efficiency of LSSVM kernel fusionEfficiency of LSSVM kernel fusionEfficiency of LSSVM kernel fusionEfficiency of LSSVM kernel fusion

Scale‐up problem: the number of samples



Efficiency of LSSVM kernel fusionEfficiency of LSSVM kernel fusionEfficiency of LSSVM kernel fusionEfficiency of LSSVM kernel fusion

Scale‐up problem: the number of classes



Efficiency of LSSVM kernel fusionEfficiency of LSSVM kernel fusionEfficiency of LSSVM kernel fusionEfficiency of LSSVM kernel fusion

Scale‐up problem: the number of kernels



Rayleigh quotient objective of Rayleigh quotient objective of 
LSSVM kernel fusionLSSVM kernel fusion

The least squares problem is related to the Fisher 
Discriminant Analysis (Duda et al., 2001)

h l d k l h lThe LS‐SVM is related to kernel Fisher Discriminant Analysis 
(Mika et al., 1999; Suykens et al., 2002)

(Suykens et al., 2002)



Summary of topic 3Summary of topic 3Summary of topic 3 Summary of topic 3 

An efficient kernel fusion solution: SIP LS‐SVM

Solid advantages

Rayleigh quotient objective of LS‐SVM

Many unsupervised algorithms have the Rayleigh 
quotient objectives

LS‐SVM can be plugged in unsupervised algorithms to 
create local optimal extensions for kernel fusion



Related publications (topic 2 & 3)Related publications (topic 2 & 3)Related publications (topic 2 & 3)Related publications (topic 2 & 3)



Topic 4: Kernel fusion forTopic 4: Kernel fusion for clusteringclusteringTopic 4: Kernel fusion forTopic 4: Kernel fusion for clustering clustering 
analysisanalysisyy

Data samples



Optimized data fusion for kernel KOptimized data fusion for kernel K--
means clustering (OKKC)means clustering (OKKC)

An alternating minimization algorithm optimizing the 
Rayleigh quotient‐like objective

K‐meansKFDA (LSSVM)



Optimized data fusion for kernel KOptimized data fusion for kernel K--
means clustering (OKKC)means clustering (OKKC)



Performance of OKKCPerformance of OKKCPerformance of OKKC Performance of OKKC 
Comparable performance to other algorithms

More efficient (bi‐level optimization, less memory 
)requirement)



Find clusters by OKKCFind clusters by OKKCFind clusters by OKKC Find clusters by OKKC 



Optimized kernel Optimized kernel LaplacianLaplacian
clustering (OKLC)clustering (OKLC)

To combine heterogeneous data structures

Combination of attribute‐based data (kernels) and 
b d h ( l )interaction‐based graphs (Laplacians)

OKLC‐light: Bi‐level optimization as OKKC using

OKLC: Tri‐level optimization using 



Application 4: integrate lexical/citation Application 4: integrate lexical/citation 
information in journal set analysisinformation in journal set analysis

Web of Science (WoS) database

Papers of 1424 journals published from 2002 to 2006

Text mining analysis (lexical similarity of journals)
no‐controlled vocabulary  Zipf cut
669,860 terms

TF‐IDF, IDF, TF and binary weighting of terms

Citation analysis (interaction of journals)Citation analysis (interaction of journals)
cross‐citation

binary cross‐citationbinary cross citation

co‐citation

bibliographic coupling 



Application 4: integrate lexical/citation Application 4: integrate lexical/citation 
information in journal set analysisinformation in journal set analysis

Combination of four linear kernels (lexical) and four 
Laplacians (citation)

l d b l d ( )Evaluated by Essential Science Index (ESI)



Application 4: integrate lexical/citation Application 4: integrate lexical/citation 
information in journal set analysisinformation in journal set analysis



Comparison of OKLC and OKLCComparison of OKLC and OKLCComparison of OKLC and OKLCComparison of OKLC and OKLC--lightlight



Summary of topic 4Summary of topic 4Summary of topic 4Summary of topic 4

Preliminary efforts to incorporate kernel fusion with 
unsupervised learning

b f h d ( )Combination of heterogeneous data sources (OKKC)

Combination of heterogeneous data structures (OKLC)

Many remaining challenges / opportunities

statistical validation of clustering in data fusion

multi‐objective clustering

clustering  with overlapping memberships

stability issue / sampling technique

kernel evaluation without validation



Related publicationsRelated publicationsRelated publicationsRelated publications



ConclusionsConclusions and Future Researchand Future ResearchConclusionsConclusions and Future Researchand Future Research

Figure adapted from www.clipart.com



KernelKernel--based data fusion: a view not based data fusion: a view not 
only for bioinformaticsonly for bioinformatics

Blackbox

kernel parameters
h t

Database service

hyper‐parameters
kernel coefficients

Optimization API

EvaluationWeb Applications



KernelKernel--based data fusion: a unified based data fusion: a unified 
modelmodel

Theory

Algorithm

Theory

Application

Software

one‐class
multi‐class

L∞‐norm
L1‐norm

kernels
Laplacians

Bioinformatics
Text mining

Convex 
optimization

clustering
canonical correlation
regression

1
L2‐norm
Lp‐norm
…

p
multi‐objective
…

g
Robotics
Image and Signal 
processing

p

Stochastic 
optimization

… Scientometrics
… High‐order 

SVD (Tensor)
…



Interesting topics for future Interesting topics for future 
researchesresearches

Kernel‐based sensor fusion

Bioinformatics: integration of expression data and 
kinteraction network

A joint framework of data fusion with feature selection

Non‐additive models for kernel fusion



Closing remarksClosing remarksClosing remarksClosing remarks

Leo Breiman, “Statistical Modeling: The Two Cultures”, 
Statistical Science, vol. 16, pp. 199‐231, 2001. 

… About the advances of statistical modeling …



RashomonRashomon ((羅生門羅生門 らしょうもんらしょうもん))RashomonRashomon ((羅生門羅生門,,らしょうもんらしょうもん))

THE MULTIPLICITY OF GOOD MODELS

http://www.toshiromifune.org/images/lastsamurai/rashomon3.jpg



OccamOccamOccamOccam

SIMPLICITY  VS. ACCURACY

Figure adapted from wikimedia.org



BellmanBellmanBellmanBellman

THE CURSE OF DIMENSIONALITY

PPros: 
• Higher VC dimensions for linear 
classifiers

Cons: 
• Data in the tails
• Complexities of structural and 

• Sparseness
…

p f
parametric estimation
…

Sword image from http://www thesworddepot net/images/C‐900S SWORD jpgSword image from http://www.thesworddepot.net/images/C 900S_SWORD.jpg
Hyperball figure from http://yaroslavvb.com/research/reports/curse‐of‐dim/pics/sphere.gif
Bayesian network figure from http://www.bayesia.com/assets/images/content/applications/en‐analyse‐questionnaires‐satisfaction.jpg



The ultimate goal?The ultimate goal?The ultimate goal?The ultimate goal?

Many new methods have been proposed 

New methods always look better than old methods

More accurate solutions on more complicated problems

…

Approach to the real computational intelligence ?

Photo from “A.I.”, Warner Bros. 
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