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Models!

•  “EssenDally,"all"models"are"wrong,"but"some"are"
useful”"–"George"E."P."Box"

•  What"is"useful?"
–  PredicDon"

•  Basis"for"evaluaDon"
•  EsDmaDng"generalizaDon&error"(e.g.,"cross"validaDon)"

–  ExplanaDon"
•  ExtracDng"an"underlying"paQern"(taxonomy)"
•  Reducing"the"number"of"independent"phenomena"

•  Why"ProbabilisDc"Models?"
–  Principled"way"of"modeling"uncertainty"
–  Characterize"lack"of"knowledge"
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Probabilis)c!Graphical!Models!

•  PGM"="MulDvariate"StaDsDcs"+"Structure"
•  Provide"simple"way"to"visualize"the"structure"of"a"
probabilisDc"model"and"can"be"used"to"design"
and"moDvate"new"models"

•  Insights"into"the"properDes"of"the"model,"
including"condiDonal"independence"properDes,"
can"be"obtained"by"inspecDon"of"the"graph"

•  Complex"computaDons"(inference,"learning)"can"
be"expressed"in"terms"of"graphical"manipulaDons,"
in"which"the"underlying"math"is"carried"along"
implicitly"

(Christopher"Bishop,"2007)"
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Probabili)es!and!Distribu)ons!
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•  The"“Big"Three”"
– Marginal"probability"(or"“plain"old"probability”)"
–  Joint"probability"(of"two"or"more"things"together)"
– CondiDonal"probability"(of"one"thing"given&
another)"

This"is"a"joint"frequency"
distribuDon,"used"for"
intuiDve"demonstraDon;"
we"can"esDmate"
probabiliDes"from"the"joint"
(green),"marginal"(yellow)"
and"total"(purple)"
frequencies."
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Condi)onal!probabili)es!

Probability"in"context!
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P(CS"|"GreenSocks)"
P(GreenSocks"|"CS)"

€ 

P(X |Y ) =
P(X,Y )
P(Y )

joint"

marginal"

“Prob."of"X&given&Y&”&

="8/10"=".8"
="8/15"=".53"
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The!Building!Blocks!of!Probability!Calculus!

•  Sum"Rule"

•  Product"Rule"

(This"is"called"the"Chain"Rule,"but"it’s"just"the"generalizaDon"of"the"Product"Rule)"
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•  Two"ways"to"factor"a"joint"distribuDon"by"product"rule"

•  Dividing,"we"get:"

•  Why"is"this"a"big!deal!?!
–  Let’s"us"build"one"condiDonal"from"its"reverse."
– Oien"one"condiDonal"is"hard"to"get","but"the"other"
components"are"available."

Bayes’!Rule!
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Bayes’!Rule!

RelaDng"Hypotheses"to"Evidence"

P(H | E) = P(E |H )P(H )
P(E)

Posterior"

Likelihood"

Marginal"probability"
of"Evidence"
(features)"

hypothesis"
evidence"

Prior"

="Marginal"likelihood"
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Bayesian!Networks!

General"FactorizaDon"

Sum"

Product"
(Christopher"Bishop,"2007)"

FactorizaDon"of"Bayesian"Network"into"product"of"
condiDonal"&"marginal"probabiliDes"(chain"rule)"
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Probabilis)c!Queries!
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Example!Bayesian!Network!
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PGMs!are!your!old!friends!
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Bayesian!Linear!Regression!

Polynomial"

(Christopher"Bishop,"2007)"
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Bayesian!Linear!Regression!

Plate"

(Christopher"Bishop,"2007)"
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Bayesian!Linear!Regression!

•  Input"variables"and"explicit"hyperparameters"

(Christopher"Bishop,"2007)"
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Bayesian!Linear!Regression!!

Learning!

•  CondiDon"on"data"

(Christopher"Bishop,"2007)"
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Bayesian!Linear!Regression!

Predic)on!

PredicDve"distribuDon:""

where"

(Christopher"Bishop,"2007)"
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The!PGM!Zoo!

Factoriza)on!
(local"funcDons)"

Condi)onal!
Independence!

Graphical!Structure!
(relaDonal"structure"of"factors)"

Undirected"Graphical"Model"Directed"Graphical"Models"
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Modeling!Sequences!

Coupled"HMM"

Hidden"Markov"Model"(HMM)"
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Dynamic!Bayesian!Network!(DBN)!
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Genera)ve!vs.!Discrimina)ve!

Y!

X!

P(X|Y)"

P(Y)"

Model"the"Joint"of"X"and"Y"
P(X,Y)"="P(X|Y)"P(Y)"

Can"infer"[label,"latent"state,"cause]"
from"evidence"using"Bayes!Thrm!

P(Y|X)"="P(X|Y)"P(Y)"/"P(X)"

Y!

X!

P(Y|X)"

The"Genera)ve"Picture" The"Discrimina)ve!Picture"
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Digging!Deeper!
•  John"Kruschke.""(2014).""Doing"Bayesian"Data"Analysis,"Second"EdiDon:"A"Tutorial"

with"R,"JAGS,"and"Stan.""Academic"Press.""(Release:"Nov"17,"2014)"
–  Not"about"general"PGMs,"but"an"excellent"introducDon"to"Bayesian"modeling,"esp."coming"

from"a"basic"staDsDcs"background"(although"even"that"is"not"necessary)."

•  Daphne"Koller"and"Nir"Friedman.""(2009).""ProbabilisDc"Graphical"Models:"
Principles"and"Techniques.""MIT"Press."
–  Encyclopedic"presentaDon"of"the"PGM"framework."

•  David"Barber.""(2012).""Bayesian"Reasoning"and"Machine"Learning.""Cambridge"
University"Press."
–  Upper"undergrad"/"early"grad"presentaDon"of"machine"learning,"but"emphasizing"PGMs"

(introducing"from"the"beginning).""Available"for"free"online:"
–  hQp://web4.cs.ucl.ac.uk/staff/D.Barber/textbook/090310.pdf"

•  Christopher"Bishop.""(2007).""PaQern"RecogniDon"and"Machine"Learning.""Springer."
–  Another"excellent"machine"learning"text"that"also"introduces"graphical"models,"although"a"

liQle"more"advanced.""Ch."8,"which"introduces"PGMs,"is"available"online:"
–  hQp://research.microsoi.com/entus/um/people/cmbishop/PRML/pdf/BishoptPRMLt

sample.pdf"

•  Kevin"Murphy’s"online"introducDon"
–  hQp://www.cs.ubc.ca/~murphyk/Bayes/bnintro.html"


