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= Semantics
= HMM, CRF
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« fEH#:3 . variable-elimination, cluster-tree, triangulate
« EZAE: Kalman
= RXEEEL: sampling
« Z&5EfL: variational
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Tools available

= Bayes Net Toolbox (BNT) for Matlab
= http://www.cs.ubc.ca/~murphyk/Software/BNT/bnt.html

= PNL (Probabilistic Network Library): A C++ version of BNT
= http://sourceforge.net/projects/openpnl
= PMTK toolkit : primarily designed to accompany Kevin Murphy's

textbook “Machine learning: a probabilistic perspective”
= https://github.com/probml/pmtk3
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= Daphne Koller, Nir Friedman. “"Probabilistic graphical models :

principles and techniques”. MIT Press, c2009. (0212.8 FK81)
= Detailed, 1231 pages. KF+H
= Representation, Inference, Learning

- R. G. Cowell, A. P. Dawid, S. L. Lauritzen and D. J. Spiegelhalter.
"Probabilistic Networks and Expert Systems". Springer-Verlag.
1999. (TP182 FP96) CDLS:

= One of the best book available, although the treatment is restricted to exact
inference.

» J. Pearl. "Probabilistic Reasoning in Intelligent Systems:
Networks of Plausible Inference"”. Morgan Kaufmann. 1988.

(TP18 FP35)
= The book that got it all started! A very insightful book, still relevant today.



» S. Lauritzen. "Graphical Models". Oxford. 1996. ([ 53 [X|-[37E2-

97\021\L38)

= The definitive mathematical exposition of the theory of graphical models.

» M. I. Jordan (ed). "Learning in Graphical Models". MIT Press.
1999. (0O157.5 FL43)

= Loose collection of papers on machine learning, many related to graphical
models. One of the few books to discuss approximate inference.

. Christopher M. Bishop. “Pattern Recognition and Machine
Learning”. Springer 2006. (i 1-45) Bishop+

= Comprehensive, good reference.

+ D.J. MacKay. "Information Theory, Inference, and Learning
Algorithms”. Cambridge Univ. Press, 2003. (Hi74)

= Information theory, coding.

» Kevin Patrick Murphy. "Machine Learning: a Probabilistic

Perspective”. MIT Press, 2012. Murhpy-F
= Newest. 1098 pages.
=« PMTK toolkit
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Murphy+4
Comparison to other books on the market

» My book (MLaPP) is similar to Bishop's Pattern recognition and
machine learning, Hastie et al's The Elements of Statistical Learning,
and to Wasserman's All of statistics, with the following key
differences:

- MLaPP is more accessible to undergrads. It pre-supposes a background in probability, linear
?f ebra, calculus, and programming; however, the mathematical level ramps uE slowly, with more
icult sections clearly denoted as such. This makes the book suitable for both undergrads and
grads Summaries of the relevant mathematical background, on topics such as linear algebra,
optimization and classical statistics make the book se f-contained.

= MLaPP is more practicaII?/ -oriented. In particular, it comes with Matlab software to reproduce almost
every figure, and to implement almost every algorithm, discussed in the book. It includes many
worked examples of the methods applied to real data, with readable source code online.

= MLaPP covers various important topics that are not discussed in these other books, such as
conditional random fields, deep learning, etc.

= MLaPP is "more Bayesian" than the Hastie or Wasserman books, but "more frequentist" than the
BIShOp book In partlcular in MLaPP, we make extensive use of MAP estimation, which we regard as
"poor man's Bayes". We prefer this to the regularization interpretation of MAP, because then all the
methods in the book gexcept cross validation...) can be viewed as probablllstlc inference, or some
approximation thereof. The MAP interpretation also allows for an easy "upgrade path" to more
Iz\:l/lc(gltj/lr(afltes I\r/ll}(:ethgc)ds of approximate Bayesian inference, such as empirical Bayes, variational Bayes,
etc

= The emphasis is on simple parametric models (linear and logistic regression, discriminant analysis/
naive Bayes, mixture models, factor analysis, graphical models, etc.), which are the ones most
often used in practice. However we also briefly discuss non- parametrlc models, such as Gaussian
processes, Dirichlet processes, SVMs RVMs, etc.

= 0ZJ: More on UGMs than Bishop book.
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» Special Issue on New Computational Paradigms for

Acoustic Modeling in Speech Recognition.
= Computer Speech & Language, Volume: 17, Issue: 2-3, April - July 2003.

» Special Issue on Graphical Models in Computer Vision.

» IEEE Transactions on Pattern Analysis and Machine Intelligence, Volume:
25, Issue: 7, July 2003.

«» Special Issue On Codes On Graphs And Iterative
Algorithms.

= IEEE Transactions on Information Theory, Volume: 47, Issue: 2, Feb 2001.

» Special issue: Probabilistic models of cognition
= Trends in Cognitive Sciences, Volume 10, Issue 7, July 2006.
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Probabilistic Graphical Models, CMU, Spring 2014, Eric Xing, 29 lectures
http://www.cs.cmu.edu/~epxing/Class/10708-14/lecture.html
Statistical Learning Theory, Michael Jordan
http://www.cs.berkeley.edu/~jordan/courses.html

Probabilistic Models for Artificial Intelligence, Daphne Koller
http://robotics.stanford.edu/~koller/courses.html

Probabilistic Graphical Models, Carlos Guestrin
http://www.cs.cmu.edu/~guestrin/teaching.html

Graphical Models, Jeff Bilmes
http://ssli.ee.washington.edu/people/bilmes/teaching-frame.html
Probabilistic Inference Algorithms and Machine Learning, Brendan Frey
http://www.psi.toronto.edu/~frey/apm/index.html

Probabilistic graphical models, Kevin Murphy
http://www.cs.ubc.ca/~murphyk/

Machine Learning, Tommi Jaakkola
http://people.csail.mit.edu/tommi/courses.html
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= Capital letters X, Y, Z, X;: discrete or continuous random variables

(r.v.)

= Lower case letters x, y, z, x; : their particular values (in general,
vectors in a vector space)

= A B, C: sets of integers, e.g. A={1,2,3} = 1.3
= X,:asetofrv.indexed by A, e.g. X, = {X;, X,, X3} = X4
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= S BURENLAS = NE 2 ) A BB 2L (probability mass function, pmf)
o RN B R % RS pR 4L (probability density function, pdf)

p(x) 2p(X =x)
= Let X,.,={X,, ..., X} be a random vector.

P(X, o X)) 2 P(X, =X, X, =X,)
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X, Y, 2 FIERE MR 040 p(x, Y, 2)
X IG5 p(x) = Z,Z,p(x, y, Z) € marginalization

p(x,y,2) = p(xX) X p(y|x) X p(z|x,y) € chain rule (factorization)
ALy TR/ W

(x) p(y1x)
p(Y)

p(x]y) ="
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Two r.v. X and Y are independent (written X L Y) if and only if
p(X, y) = p(x) X p(y)

p(x[y) =p(x), py[x)=p(y)

XLY |Z:

p(x,y|2) =p(x|2)X ply|z)
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Bk CHER, 7 Z/RE, BASSHRE)

FEHLAR = X (3 B (expectation)
jx- p(x)dx if X is continuous

EX]= D> x-p(x) if X isdiscrete

W5 Z5E % (covariance matrix)
Cov[X]=E| (X ~E[X])(x ~E[X])"

E[ XXT|-E[X]E[X]

17



25 EA1H (45

« BER IR
= FEYLAEE
= BER A
= R, KR, DU A
= MUSLAE, SRAFRRSIYE
= HUPHHIE (U, hO7 Z=RERE, B AHSRAERF)

] T

GSE 143

17120

FERERIRIE M &, RFIEE

18



5

—& 5|

][}

1.1 Geit A ST e {
1.2 TajE

1.3

IRV SIR A

X

RN ]

IR

S fhitt

19



FRIVIA Al

» NTA T IR
H A [F] ) 2R 5]

NEY), 5

L AL RE

393
A

o LR THEALI X HE— AR E

AFE—RH?

I ek H I A B )

20



FRIVIA Al

o B EOR A2 TR AN I —2 0] 1yl #2
« WEZEHIR AN > W: discrete class variable, W € {1,..., K}
s TR CERAE) = X: observation variable

o BRI —XBEHLAR R (W, X)

[XN
X32
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= WA BERART p(W, X) =p(W)p(X W)

p(W) KIEEMAE (e.g. FHD

p(X|W) KK /T 2IW=Kk BI04 B A ) 73 A
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o WA MR p(W, X) = p(W)p(X W)
o SR OULIN R — MR E BIX=xX, BAZHE x 55 BB — K

» JEEE, SRRSO RERREN)
s AR d B IME x 9 25 d(x) 25
s R mdin P(d)=P(d(X)=W)

o fiB d(x) =argmax p(W =k | X =x)

] k=1,-- K
PVx, S I HER p(W=k | X=x) BEACHY k 545024 5 d(x)

B RKEK (MAP, Maximum A Posteriori) )ik



MAPF|R: T 3ZNB

max p( 251 | WLMAE )

« f5IEFEN: p( KIZET0 | ZPUmRIEE )
« BRG] pOAEFH | 1B )

« NREBEBREO:  p( Hfrid | Nz ER)
« MLEsBIPE: p(ROCER) | FICER])

o ML p( MTLSEH | )
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Filter(iE 5 85) — 2 1Rl R AF

= Any of various electronic devices used to reject signals

of certain frequencies while passing others.

« FETRS, ATIRERSESRENES, ANEdHREES
«  (GREALSRE)

= Classic filter: lowpass, highpass, or bandpass filter

+ A device or program that separates data, signals or
material in accordance with specified criteria.

o MR ST B R R e AR AT E SR B BT .
s (AT R L)

= RO ER B B AR AU T
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"this message is recorded while driving on highway... uh... sixty-five..."

noisy : waveform noisy : spectrogram

filtered: waveform
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= i B H AR Z (R %0)
= (FRERHSOMINEREARE X=x (B%)
= BREMERI A Pzx (2, %) (45E)

K XA R 1 E AT zoPt= g(x) ?

« fEEN. &N HEZE (Mean-Square-Error)
min€ | |29 (x|

o BR: g(X) = E[Z | X=x] & M-141E
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3 (Inference)
Compute p( H | O=0)

127 2R 1A] el 5 o fh T e et
i
(W, X) (Z, X)
X /N R R /N TR 2
min P(d(X)=W) min E[”Y—g(x)nz}
i iy
d(x) = arg max PW=Kk[X=X)| g(x)=E[Z]|X=x]

[ Infer unknown from observation } [ Infer unknown from observation }
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+ Inference
Compute p( H| O=0) using model p(H, O)

o T FERINS RIERE 704 p(H, O) 52 S RIHY ! .
60,000 images from

about 250 writers

_ 712/ 64 | 4 A&

+» Learning Db g01 597>
- 7 6 6540740
Estimate p( W, X) from data L BB ES § %
) 24 23 5\ A4y

o H¥E: BENLAE (W, X) BTS2 BUREA 6355604 I g
Samples: (w®, x ®),.... (wh), x ) DG PN 0SB
20371 ¢ E2

n 6 27 ¥4 7 % 06

369730 €\7¥FC
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Discriminative model example

» Multi-class logistic regression / maxent classifier

exp(w,fx + bk)

p(W=k|X=x)= WRERSZ,bkER

Y exp (W]-TX +b;)’

ex
L P (Vi) 2 softmax(yy)
Ky exp(y;)

where y; = WZ;X + by, k=1, K.

p(W =k|X =x) =

W=k

X
| BRI T

X32
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Discriminative model example

+» Neural Networks

h = sigmoid(Ax + b)
1
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B3

= A graph is a pair G=(X, E)

X ={X,..., Xy} is a finite set of vertices, also called nodes, of G

E is a subset of the set XXX = {(X;, X;): i #j}, called edges of G
— WS, 4 AR ESE

Undirected edge: both (X;, X;) and (X;, X;) belong to E
Directed edge (arc): (X; X;) € Eand (X;, X)) ¢ E

Xi = X

we say that X; is a parent of X;, X; is a child of X;

35



B3

= Directed graph: All edges in the graph are directed
@ @ X=Xy Xy Xay X4 }
E ={{Xy, X},
{X1’ X4}1
{X2 X3},
@ @ {Xa X3}
= Undirected graph: All edges in the graph are undirected
@ @ X={ Xy Xy Xg X4 }
E = {{Xy, X}, {Xo X1},
{Xl’ X3}1 {XB’ X1}1

@ @ {Xo X3 {Xa Xok,
{Xa, X3 {X4r Xa3}

36



I~

e

X

—&3lE

1.1 i HEFAN

1.2 £

1.3

AR

e

PN ]

WM

37



[ = 2

o BRI 76 B IR T A 0 A 75 3 W
» Directed graph

= The nodes represent random variables
= The edges (parent-child relationship) represent dependence
= Let Xz represents the set of parents of node X

@ @ FEE B TR0 Am I RE, SR ERIE
41 ET 5 X

(xq,-, )él_[ %X,
X% p(as, -, xy izlp(xllxn)

AFRAHE LIRS — BRI E SRR i,



Toy Example of a Bayes net

— SINEREIXR, BIRERD

p(C=0) p(C=1)
0.5 0.5

p(R=0|C) p(R=1|C)

C| p(s=0|C) p(S=1[C) w\ C

o| o5 05 eﬁﬁb ‘Eﬂ”o
1 0.9 0.1 ‘% e 1

S R |pW=0S,R) p(W=1[S,R)
0 0 1.0 0.0
1 0 0.1 0.9
0 1 0.1 0.9
1 1 0.01 0.99

Conditional Probability Table (CPT)

0.8 0.2
0.2 0.8
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Toy Example of a Bayes net

= The joint probability of all the nodes: /[ RLS|C ]
P(C, R, S, W) = p(C) X p(R]C) X p(S|CR) X p(W[CR.S)

p(CR S W) £ p(C) X p(R|C) X p(S|C) X p(W|R,S)
WLC|S,RJ

= MERREMNIKREG ARG “REnial” « Mo/ AR
o LR, KIE (BB EHE, 2ffh=) iR

\ \
s e
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Why Graphical Model ?

» F 5 PRI RIARE /) (Representation)
o G T HR SR HIVES G FI T,
o EE D I RE DA A R

« 5 R IFEFR T BE /1 (Inference)

o JRERPESVE, WM, —MtE
o [0 BARKEET R, EHEFEm AL E S E R AL
i p(S=1W=1)=? p(R=1|W=1)=?

\/
o

H

1= # e (Learning)

= GRS
= THIAR HIEEEE RV YIRS HEARGEERE (Hdh) Ail4E
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A real Bayes net

Monitoring Intensive-Care Patients

\T
ET=w

« 37 variables
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