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Learning in structured input/output space
Semi-supervised and unsupervised maximum margin learning
Theory and algorithm for optimization, inference and active learning
Applications in genomics, machine translation, and multi-media analysis

Nonparametric Bayesian models for "open worlds"
Domain-closure, unique name and stationarity assumptions are not always valid:

How many clusters/states/objects/relations out there?
Ambiguous data association.
Birth/death/evolution of possible worlds. 

Infinite-capacity models based on Dirichlet process (Polya urn schemes)
Applications in genetics and evolution, tracking and email filtering

Statistical modeling and inference of relational data 
Modeling the formation, evolution, and dynamics of networks
Inferring their semantic aspects, missing links, and node attributes
Biological and social network analysis  

Overview:Overview:
Learning and Reasoning under UncertaintyLearning and Reasoning under Uncertainty

(Xing, et al. ICML 04,06, Ahmed SDM08)

(zen, et al. KDD 07, Zhu, et al, ICML08, Kim, UAI08)

(Guo, et al. ICML 07)
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Genomics and regulatory evolution
Statistical models for genome evolution and natural selection
Functional effects on gene regulation and morphogenesis 
Gene finding and functional prediction via comparative genomic 
analysis

Computation Developmental Biology of Flys
Image analysis and database

Feature processing, segmentation, and pattern representation
Recovering 3D structure from 2D images
Shape and deformation modeling and categorization

Spatial-temporal modeling of gene regulation
Temporal shape evolution and models for morphogenesis
The genetics of pattern polymorphism and divergence

Genetic variation and diseases association
Genealogy/evolution models: how many founders, migration and 
evolution history...
Models for linkages between variations and phenotypes
Clinical and forensic applications

++++

Overview: Overview: 
Computational Biology and Statistical GeneticsComputational Biology and Statistical Genetics
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Genome PolymorphismsGenome Polymorphisms
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TCGAGGTATTAAC
The ancestral chromosome
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TCGAGGTATTAAC
TCTAGGTATTAAC
TCGAGGCATTAAC
TCTAGGTGTTAAC
TCGAGGTATTAGC
TCTAGGTATCAAC

*   ** * *
The SNPsThe SNPs

Single Nucleotide Polymorphisms
– Each DNA site is call a "locus"
– Each variant is called an “alleleallele”
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TCTCGGAGGAGGTATATTTTAAAACC
TCTCTTAGGAGGTATATTTTAAAACC
TCTCGGAGGAGGCACATTTTAAAACC
TCTCTTAGGAGGTGTGTTTTAAAACC
TCTCGGAGGAGGTATATTTTAAGGCC
TCTCTTAGGAGGTATATTCCAAAACC

useful markers for studying useful markers for studying disease associationdisease association or or genome evolution:genome evolution:
---- landmarks, indicators, colandmarks, indicators, co--variates, causes variates, causes ……

TCTC██AGGAGG████TT██AA██CC
TCTC██AGGAGG████TT██AA██CC
TCTC██AGGAGG████TT██AA██CC
TCTC██AGGAGG████TT██AA██CC
TCTC██AGGAGG████TT██AA██CC
TCTC██AGGAGG████TT██AA██CC

The haplotypesThe haplotypes
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Genetic InferenceGenetic Inference

Structure 2.1

Genetic structure of Human Populations (Rosenberg et al. 2002)

Structure 2.1

Structure 2.1

Genetic structure of Human Populations (Rosenberg et al. 2002)

Structure 2.1

Deconvolve population structure
Ancestral spectrum analysis

Reveal genome inheritance events
Recombination hotspot identification

Determine genetic markers
Haplotype inference

--G/A---T/G--

--G---T--
--A---G--

--A---T--
--G---G--

??????--A---T--
--G---G--

Genotype
(observed)

Haplotype
(hidden)

--G/A---T/G--

--G---T--
--A---G--

--A---T--
--G---G--

??????--A---T--
--G---G--

Genotype
(observed)

Haplotype
(hidden)

14

OutlineOutline

Haplotype InferenceHaplotype Inference
DirichletDirichlet Process for phasing single populationProcess for phasing single population
Hierarchical DP for phasing multiple populationHierarchical DP for phasing multiple population

LinkageLinkage--disequilibrium analysisdisequilibrium analysis
Hidden Markov DP for identifying recombination hotspots Hidden Markov DP for identifying recombination hotspots 

Population structure analysisPopulation structure analysis
Admixture modelAdmixture model
HMDP modelsHMDP models
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Genetic InferenceGenetic Inference

Structure 2.1

Genetic structure of Human Populations (Rosenberg et al. 2002)

Structure 2.1

Structure 2.1

Genetic structure of Human Populations (Rosenberg et al. 2002)

Structure 2.1

Deconvolve population structure
Ancestral spectrum analysis

Reveal genome inheritance events
Recombination hotspot identification

Determine genetic markers
Haplotype inference

--G/A---T/G--

--G---T--
--A---G--

--A---T--
--G---G--

??????--A---T--
--G---G--

Genotype
(observed)

Haplotype
(hidden)

--G/A---T/G--

--G---T--
--A---G--

--A---T--
--G---G--

??????--A---T--
--G---G--

Genotype
(observed)

Haplotype
(hidden)
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C T A

T G A

C G A

T T A

??????

haplotype h≡(h1, h2)
possible associations of 
alleles to chromosomes

Heterozygous
diploid individual

C T A

T G ACp

Cm

Genotype g
pairs of alleles, whose 

associations to chromosomes 
are unknown

ATGC
sequencing

TC TG AA

Haplotype AmbiguityHaplotype Ambiguity
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Haplotype InferenceHaplotype Inference

The Rationale: parsimony The Rationale: parsimony 
Many haplotypes are Many haplotypes are sharedshared in a populationin a population
Data for many individuals allows Data for many individuals allows phasingphasing SNP SNP genetypesgenetypes

0 1 1 1 0
1 0 1 0 1

1 1 1 0 1
1 0 0 1 1

1/0 0/1 1/1 0/1 0/1

1 1 1 1 1
0 0 1 0 0 1 1 1 1 1

1 0 0 0 1

1/1 0/1 0/1 0/1 1/1

This solution seems ‘better’
since it uses fewer haplotypes

18

A Finite (Mixture of ) Allele ModelA Finite (Mixture of ) Allele Model

The probability of a genotype The probability of a genotype gg::

Standard settings:Standard settings:

|H| = K << 2J fixed-sized population haplotype pool

p(h1,h2)= p(h1)p(h2)=f1f2 Hardy-Weinberg equilibrium

Problem:Problem: K ? H ?

∑
∈

=
  ,

2121
21

),|(),()(
Hhh

hhgphhpgp

Genotyping
model

Haplotype
model

Population haplotype
pool

Gn

Hn1 Hn2
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The PAC ModelThe PAC Model

The joint probability of all haplotypes The joint probability of all haplotypes hh11, h, h22, , …… hhnn::

Problem: Problem: 
── Ordering?Ordering?
── Ancestor? Ancestor? 

),,|(),|()|()(),,,( 1121312121 −= nnn hhhphhhphhphphhhp LLL

Gn

H1,1 H1,2

Gn

H2,1 H2,2

Gn

Hn,1 Hn,2

20

An Infinite (Mixture of ) Allele ModelAn Infinite (Mixture of ) Allele Model

Gn

Hn1 Hn2

Ak θk

∞

NN

How?How?
Via a nonparametric hierarchical Bayesian formalism ! Via a nonparametric hierarchical Bayesian formalism ! 
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DirichletDirichlet ProcessProcess

A A CDFCDF, , GG, , on possible worlds on possible worlds 
of random partitions follows a of random partitions follows a 
DirichletDirichlet ProcessProcess if for any if for any 
measurable finite partitionmeasurable finite partition
((φφ11,,φφ22, .., , .., φφmm):):

((GG((φφ11), ), G(G(φφ22), ), ……, , GG((φφmm) ) ~ ) ) ~ 
Dirichlet(( ααGG00((φφ11)), , ……., ., ααGG00((φφmm)) ))

where where GG00 is the is the base measurebase measure
and and αα is the is the scale parameterscale parameter

1φ 2φ
5φ

6φ

3φ
4φ

Thus a Thus a DirichletDirichlet Process Process G G defines a distribution of distribution defines a distribution of distribution 

Possible worlds of partitions

22

DP DP –– a a PPóólyalya urn urn ProcessProcess

"Infinite""Infinite"
SelfSelf--reinforcing propertyreinforcing property
exchangeable exchangeable partitionpartition
of samplesof samples

α+
=
5
2p

α+
=
5
3p

α
α
+

=
5

p

)                 (: KpG =0

( ) )GDP(G 0α   ~           

. ~,,| 0
1

0 11
G

ii
nG

K

k

k
ii k α

αδ
α

αφφ φ +−
+

+−∑
=

−

Joint:Joint:

Marginal:Marginal:
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Clustering and DP MixtureClustering and DP Mixture

We can associate ancestors (i.e., mixture components) with the cWe can associate ancestors (i.e., mixture components) with the colors in the olors in the 
PPóólyalya urn and thereby define an urn and thereby define an infinite clusteringinfinite clustering of the haplotypes (i.e., balls)of the haplotypes (i.e., balls)

α+
=
5
2p

α+
=
5
3p

α
α
+

=
5

p

)                 (: KpG =0

1 3 2 4 5
{a1, θ1}

6
…
…

{a2, θ2} {a3, θ3}

24

A Hierarchical Bayesian Infinite Allele modelA Hierarchical Bayesian Infinite Allele model

DPDP

infinite mixture componentsinfinite mixture components
(for population haplotypes)(for population haplotypes)

Likelihood modelLikelihood model
(for individual (for individual 

haplotypes and genotypes)haplotypes and genotypes)

DirichletDirichlet Process Mixture of HaplotypesProcess Mixture of Haplotypes
(Xing et al. ICML 2004)

Gn

Hn1 Hn2

Ak θk

∞

G

α G0
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Population Genetic Basis of IAMPopulation Genetic Basis of IAM

⇒ ≈

"Star" genealogies"Star" genealogies

N

∞

Infinite mixturesInfinite mixturesCoalescent with mutationCoalescent with mutation

Dirichlet Process MixtureDirichlet Process Mixture

Kingman coalescent process with fixed (large) population size Kingman coalescent process with fixed (large) population size 

New population haplotype alleles emerge along all branches New population haplotype alleles emerge along all branches 
of the coalescence tree at rate of the coalescence tree at rate aa/2/2 per unit lengthper unit length

EwensEwens Sampling Formula: an exchangeable random partition of individuaSampling Formula: an exchangeable random partition of individualsls

26

SingleSingle--locus mutation modellocus mutation model

Noisy observation model

Inheritance and Observation ModelsInheritance and Observation Models

…
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Gibbs sampling for exploring the posterior distribution 
under the proposed model

Integrate out the parameters such as    or    , and sample 
and  

Gibbs sampling algorithm: draw samples of each random variable to be 
sampled given values of all the remaining variables

MCMC for Haplotype InferenceMCMC for Haplotype Inference

θ λ ki ac
e
,

eih

),|()|(),,|( ][,][][ chcahc
eeeeee ikiiiii ahpkcpkcp −−− =∝=

Posterior                           Prior           x      Likelihood

Pólya urn 
M

28

Results Results -- HapMapHapMap DataData

DP vs. Finite Mixture via EMDP vs. Finite Mixture via EM

0
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Extensions of the DP Extensions of the DP haplotyperhaplotyper

30

MultiMulti--population Genetic Demographypopulation Genetic Demography

Inference done separately, or jointly?Inference done separately, or jointly?
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MultiMulti--population Genetic Demographypopulation Genetic Demography

Pool everything together and solve 1 hap problem? Pool everything together and solve 1 hap problem? 
------ ignore population structuresignore population structures

Solve 4 hap problems separately?Solve 4 hap problems separately?
------ data fragmentationdata fragmentation

CoCo--clustering clustering …… solve 4 solve 4 coupledcoupled hap problems jointlyhap problems jointly

32

Hierarchical DP MixtureHierarchical DP Mixture

GG11

GG22

GG44

GG33

....

γγHH

αα22

αα11

αα33

αα44

(Xing et al. ICML 2006)
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A Hierarchical A Hierarchical PPóólyalya Urn SamplerUrn Sampler

Draw from stock urn define Dirichlet Process 
DP(γ,H)

Conditioning on DP(γ,H), the mjth draw from 
the mth bottom-level urn also form a 
Dirichlet measure
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Two level Pólya urn scheme
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Results Results -- Simulated DataSimulated Data

5 populations with 20 individuals each (two kinds of 5 populations with 20 individuals each (two kinds of 
mutation rates)mutation rates)
5 populations share parts of their ancestral haplotypes5 populations share parts of their ancestral haplotypes
the sequence length = 10the sequence length = 10

Haplotype errorHaplotype error
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Results on Simulated DataResults on Simulated Data

Estimation of K

36

Results Results -- International International HapMapHapMap DBDB
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Results Results -- International International HapMapHapMap DBDB

Different sample sizes, and different # of subDifferent sample sizes, and different # of sub--populationspopulations

38

Genetic InferenceGenetic Inference

Structure 2.1

Genetic structure of Human Populations (Rosenberg et al. 2002)

Structure 2.1

Structure 2.1

Genetic structure of Human Populations (Rosenberg et al. 2002)

Structure 2.1

Deconvolve population structure
Ancestral spectrum analysis

Reveal genome inheritance events
Recombination hotspot identification

Determine genetic markers
Haplotype inference

--G/A---T/G--

--G---T--
--A---G--

--A---T--
--G---G--

??????--A---T--
--G---G--

Genotype
(observed)

Haplotype
(hidden)

--G/A---T/G--

--G---T--
--A---G--

--A---T--
--G---G--

??????--A---T--
--G---G--

Genotype
(observed)

Haplotype
(hidden)
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Modeling Haplotype StructureModeling Haplotype Structure

Open issues:
Where are the boundaries? 
How many haplotypes per 
block?
Genetically unreasonable to 
assume different # of 
haplotypes for different blocks

10
12
8

11
11
8

14
5
10
1

Underlying 
haplotypes

Inhomogeneous transition model
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Inheritance ModelInheritance Model

Ancestral 
chromosomes
(K=5)

Each individual haplotype is a mosaic of ancestral haplotypes

Individual 
chromosomes

xx

x
x

x
x x

x

x

x
x
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The Hidden Markov ModelThe Hidden Markov Model

How many recombining ancestors?How many recombining ancestors?

Ct

Ct+1
KK……2211

KK

::..

22

11

)',()1()|'( ',,1, kkeekckcp dr
kk

dr
titi δπ −−

+ −+===

Transition process: recombination
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Emission process: mutation
…

1iH

iG

Ancestral 
pool

Haplotypes

Genotype
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2iC …
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pool

Haplotypes
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3A
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1iC

2iC

42

A Hierarchical Bayesian Infinite Allele modelA Hierarchical Bayesian Infinite Allele model

DPDP

infinite mixture componentsinfinite mixture components
(for population haplotypes)(for population haplotypes)

Likelihood modelLikelihood model
(for individual (for individual 

haplotypes and genotypes)haplotypes and genotypes)

Recall DP MixtureRecall DP Mixture
(Xing et al. ICML 2004, 2006)

Gn

Hn1 Hn2

Ak θk

∞

G

α G0
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Hidden Markov Dirichlet ProcessHidden Markov Dirichlet Process

Hidden Markov Dirichlet process mixturesHidden Markov Dirichlet process mixtures
Extension of HMM model to infinite ancestral spaceExtension of HMM model to infinite ancestral space
── Infinite dimensional transition matrix
─ Each row of the transition matrix is modeled with a DP:

Ct

Ct+1

......332211

::..

33

22

11

…

(Xing and Sohn. Bayesian Analysis, 2007, Sohn and Xing, ISMB 2007)

),(DP~,| HHG γγ0

),(DP~,| 00 GGGi αα

44

A

H

παα

βγγ

HH

y1 y2 y3 yN…

....

παα

βγγ

HH

y1y1 y2y2 y3y3 yNyN…

....
∞

∞
C1 C2 C3 CN

HMDP as a Graphical ModelHMDP as a Graphical Model

Ancestor allele reconstructionAncestor allele reconstruction

Inferring population structureInferring population structure

Inferring recombination hotspotInferring recombination hotspot
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MCMC InferenceMCMC Inference

Gibbs samplingGibbs sampling

Block sampler:Block sampler:

PPóólyalya urn sampler: posterior transition probabilityurn sampler: posterior transition probability
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Recombination AnalysisRecombination Analysis

threshold for hotspot detection

Recombination hotspot detectionRecombination hotspot detection
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Recombination AnalysisRecombination Analysis

48

Individual 1

Individual 2

Individual N

Phenotype (BMI)

2.5

4.8

4.7

Genotype

. . C . . . . .  T . . C . . . . . . . T . . .

. . C . . . . .  A . . C . . . . . . . T . . .

. . G  . . . . . A . . G . . . . . . . A . . .

. . C . . . . .  T . . C . . . . . . . T . . .

. . G  . . . . . T . . C . . . . . . . T . . .

. . G  . . . . . T . . G . . . . . . . T . . .

Causal SNPBenign SNPs

…

Association Mapping as RegressionAssociation Mapping as Regression

yi = ∑
=

J

j
jijx

1
β SNPs with large 

|βj| are relevant
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C1 C2 CJ

1β 2β Jβ

yX

2σ

...

2ρ 2dπ Jρ JdTransition 
probabilities

Recombination 
rate Distance

yi = ∑
=

J

j
jijx

1
β

BlockBlock--regularized Regressionregularized Regression
(Kim and Xing, UAI 2008)

Standard LASSO will results in high 
false positives with very high 
dimensional X

50

Block-regularized 
regression

Independent 
Bernoulli prior

Lasso

Mouse Data (BROAD institute)Mouse Data (BROAD institute)
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Genetic InferenceGenetic Inference

Structure 2.1

Genetic structure of Human Populations (Rosenberg et al. 2002)

Structure 2.1

Structure 2.1

Genetic structure of Human Populations (Rosenberg et al. 2002)

Structure 2.1

Deconvolve population structure
Ancestral spectrum analysis

Reveal genome inheritance events
Recombination hotspot identification

Determine genetic markers
Haplotype inference

--G/A---T/G--

--G---T--
--A---G--

--A---T--
--G---G--

??????--A---T--
--G---G--

Genotype
(observed)

Haplotype
(hidden)

--G/A---T/G--

--G---T--
--A---G--

--A---T--
--G---G--

??????--A---T--
--G---G--

Genotype
(observed)

Haplotype
(hidden)

52

Genetic Population StructureGenetic Population Structure

How to display population structure?How to display population structure?
StructureStructure

Genetic structure of Human Populations (Rosenberg et al. 2002)

Ancestral 
proportion
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Variable Number of Tandem Repeats Variable Number of Tandem Repeats 
(VNTR) Polymorphism  (VNTR) Polymorphism  

⇒⇒

54

The Admixture ModelThe Admixture Model

Admixture of "ancestral frequency profiles (AP)" Admixture of "ancestral frequency profiles (AP)" 

No distinction between ancestral and current allelesNo distinction between ancestral and current alleles
Does not model mutation and chromosomal recombinationDoes not model mutation and chromosomal recombination

`

Ancestral populations 
represented as allele 
frequency profilesfrequency profiles

0.02

0.08

0.90

Structure 2.1 0.3
0.3 0.4

0.1
0.7 0.2

0.5
0.2 0.3
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From From StructureStructure to to mStructmStruct

From admixture of From admixture of APsAPs to admixture of to admixture of MIMsMIMs
MiMMiM: : population-specific Mixture of Inheritance Models

The inheritance model:
Microsatellite: SNPs: 

(Shringarpure and Xing, ICML 2008)

0.3 0.3 0.4

0.1 0.7 0.2

0.5 0.2 0.3

0.3 0.3 0.4
0.3 0.3 0.4

0.1 0.7 0.2
0.1 0.7 0.2

0.5 0.2 0.3
0.5 0.2 0.3

0.3 0.3 0.4

0.1 0.7 0.2

0.5 0.2 0.3

0.3 0.3 0.4
0.3 0.3 0.4

0.1 0.7 0.2
0.1 0.7 0.2

0.5 0.2 0.3
0.5 0.2 0.3

56

VariationalVariational InferenceInference

The joint:The joint:

We can sample We can sample zz, , cc, and , and θθ as in as in StructureStructure ------ slowslow

Alternatively, we approximateAlternatively, we approximate pp((zz, , cc,, θ θ | | xx)) by by qq((zz, , cc,, θ θ ) = ) = qq((zz))qq((cc))qq((θθ))
Minimizing Minimizing KLKL((q|pq|p):):

FixedFixed--point iteration point iteration ……
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Accuracy of Admixing Vector Est.Accuracy of Admixing Vector Est.

58

Maps under Maps under mStructmStruct and Structureand Structure
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PhylogeneticPhylogenetic Trees from the Trees from the 
Structural MapsStructural Maps

EuropeanEuropean

AsianAsian

Indian AmericanIndian American

AfricanAfrican

60

PhylogeneticPhylogenetic Trees from the Trees from the 
Structural MapsStructural Maps

mStruct Structure

EuropeanEuropean

AsianAsian

Indian AmericanIndian American
EuropeanEuropean

AsianAsian

Indian AmericanIndian American

AfricanAfrican
AfricanAfrican

AfricanAfrican



31

61

Contour of Mutation RatesContour of Mutation Rates

62

Contour of Mutation RatesContour of Mutation Rates
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A

H

παα

βγγ

HH

y1 y2 y3 yN…

....

παα

βγγ

HH

y1y1 y2y2 y3y3 yNyN…

....
∞

∞
C1 C2 C3 CN

Recombination and StructureRecombination and Structure

Ancestor allele reconstructionAncestor allele reconstruction

Inferring population structureInferring population structure

Inferring recombination hotspotInferring recombination hotspot

(Sohn and Xing, ISMB, 2007)
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Population Structure AnalysisPopulation Structure Analysis

SpectrumSpectrum

Structure 2.1Structure 2.1

HapMap four population data

(Sohn and Xing, ISMB 2007)

CEU: Utah residents with European ancestry
YRI: Yoruba in Ibadan, Nigeria
HCB: Han Chinese in Beijing 
JPT: Japanese in Tokyo
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Representational DifferenceRepresentational Difference
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Next Step Next Step ……

A new Bayesian method, A new Bayesian method, SpectrumSpectrum, for jointly modeling recombination and , for jointly modeling recombination and 
population structurepopulation structure

Combination of Combination of SpectrumSpectrum and and StructureStructure??

Computational issuesComputational issues
splitsplit--merge MCMCmerge MCMC

Ancestral 
chromosomes `

Ancestral 
populations

+ =?
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SummarySummary

Haplotype InferenceHaplotype Inference
Nonparametric Bayesian Models (Nonparametric Bayesian Models (DirichletDirichlet ProcessProcess)) for phasing single for phasing single 
andand multiple populationmultiple population

LinkageLinkage--disequilibrium disequilibrium and GWSand GWS
Hidden Markov DP for identifying recombination hotspots Hidden Markov DP for identifying recombination hotspots 
BlockBlock--Lasso for QTL mappingLasso for QTL mapping

Population structure analysisPopulation structure analysis
Bayesian Bayesian Admixture modelAdmixture model
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SpectrumSpectrum

GoalGoal
Joint inference ofJoint inference of

Population structurePopulation structure andand
Recombination hotspots Recombination hotspots andand
HaplotypesHaplotypes

under unified statistical framework for genetic inheritance   prunder unified statistical framework for genetic inheritance   process of ocess of 
recombination recombination andand mutation mutation 
among an unspecified number of founding alleles among an unspecified number of founding alleles 

Some open issues:Some open issues:
Coalescent rate estimationCoalescent rate estimation
Modeling selection, drift, migration, etc. Modeling selection, drift, migration, etc. 
ScalabilityScalability
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