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CSAIL OUtIine

e Learning Bayesian networks: complete data

— estimating the parameters with fixed structure
— learning the graph structure

e Learning Bayesian networks: incomplete data

— EM and structural EM

e Review
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ﬁcgsju Probabilities and conditional tables

e Simple example: three discrete variables, each taking m
possible values

P(CBl) = 9331 a\ ﬁ) P(wg) = 9332
O

X3
P(x3|x1, 22) = 9333|a:1,a:2

We assume that the model is fully parameterized in the
sense that {0, }, {0}, and {0,,4, ., for each distinct
configuration of z; and x5} are unrestricted and can be

chosen independently of each other.
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e

CsAIL Likelihood and complete data

e When the observed data points are complete, the likelihood
has a simple form:

P(D|G,0) = ﬁ \Pablat )
< N(m)) > (gp(xz)N(@))
. H (HP(xg\xl,xQ)N(wmcg,xg))

L1,L2 L3
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e

CSAIL Likelihood and complete data

e When the observed data points are complete, the likelihood
has a simple form:

P(D|G,0) = ]]P(})P(ah)P(ab|al, z5)
t=1
N(x N(x
_ ( o1 <1>> (H%( 2>>
9
N(961 T9,T3)
X H (H r3|T1,72 >
T1,L9

Each conditional table such as 6, ., for a fixed x1 and x2,
can be estimated separately based on the observed counts
N(z1, 12, 23).
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CSAIL ML parameter estimates
P(D|G,0) = (H@é}i(m)) < (H@%(m))
T To
N(x ,L2,T3)
< I (T
T1,T9

e The maximum likelihood estimates of parameters 0., ., =
101)2,,295 - - - + Om|z,,2,} for each fixed configuration of 21 and
xo are simply normalized counts (cf. Markov models):

é L N(ﬂfl,flfg,ilfg)
r3|T1,T2 N(CEl 55'2)
y

where N(Il,xz) — ng, N(QJl,CEQ,Q?g).
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e

CsAIL Bayesian estimates: the prior

e We introduce independent priors, e.g., P3(9.|x1,x2), across
variables and for each distinct configuration of the parents

P(9|G):P1(9 XP2 XHPSH\wle

L1,T2

P(ml) = Qxl b\ ﬁ) P(.CUQ) = 9332
O

P(x3|xy1, x2) = 8w3lﬂ?1a$2
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e

CsAIL Bayesian estimates: the prior

e We introduce independent priors, e.g., P3(9.|331,$2), across
variables and for each distinct configuration of the parents

e Moreover, we assume that these priors are Dirichlet:

1 N'(x ,r9,x3)—1
P3(9-|x1,a;2) H@ (x1,72,73)

A z3|x1,22
3

with  hyper-parameters  (parameters of the prior)
N'(x1,x9,23) > 0, interpreted as prior “counts”.
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e

CsAIL Bayesian estimates: the prior

e We introduce independent priors, e.g., P3(0.4, z,), across
variables and for each distinct configuration of the parents

e Moreover, we assume that these priors are Dirichlet:
1 N'(z1,x9,23)—1
P3(6)'|az1,:v2) — ? H (9:c3|:131,:132
T3

with  hyper-parameters  (parameters of the prior)
N'(x1,x9,23) > 0, interpreted as prior “counts”.

This prior is concentrated around

/ N’(Qfl,ﬂfz,xg)

r3|r1,T0 N’(x1,x2)

where N'(z1,22) = . N'(x1,22,23), and more so for
larger values of N'(x1,x2).
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CsAlL Bayesian estimates: the posterior

e [he posterior is also Dirichlet

likelihood prior
9 N(:Ijl,ajg,xgy R N/(:Cl,CI?Q,CIZg)—T
P3(9-’331,1132’D) X H 9x3]x1,$2 . H 9$3|$17$2
x L3

3
— i HgNl(fm,fliz,fv3)+N($1,fB2,fB3)—1
7 3| 1,22
T3

with hyper-parameters N'(x1, x2, x3) + N(x1, T2, T3).
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CSAIL OUtIine

e Learning Bayesian networks: complete data

— estimating the parameters with fixed structure
— learning the graph structure

e Learning Bayesian networks: incomplete data

— EM and structural EM

e Review
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e

CsAIL Bayesian score

e We can use the marginal P(z)) = 0, o - P(xy) = 0.,
likelihood (Bayesian score) \ /(
@
X3

as a model (graph) selection

criterion: P(z3|z1, 22) = Ogjay,z

P(D|G) = / P(D|G.0)P(6]G)dp
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e

CsAIL Bayesian score

e We can use the marginal P(z)) = 0, 7 - P(x) = 0,,
likelihood (Bayesian score) C>\ /<>

as a model (graph) selection
criterion: P3| 21, 72) = 0

P(D|G) = / P(D|G.0)P(0]G)do

r3|T],T9

e The form of the likelihood and the prior

P(D|G,0) = HGNW x H9N<x2> < T [ e

1,2 I3
N'(z1) N'(z9) N'(z1,z2,23)
P(0]G) o H9 1 XHH S | N s
T1,T2 T3 ,
Pl(e) PQ(H) P3(9 |z, x2)

permit us to evaluate the Bayesian score locally.
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@Z%%L Bayesian score: graphs

P(xl) = Oxl b\ f} P(CUQ) = 9332
>

P(2133|CU1, :132) = Q

r3|T],To

e The Bayesian score reduces to a product of local terms:

P(D|G) = / P(D|G.0)P(0|G)d6

= [ |TTexen < [T oxe < [T [Tenfe| peicae
_:Ul To

1,2 I3

— P(D1|G) X P(DQIG) X H P(D3|a:1,:r;2|G)

L1,L2
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e

CsAlL Learning Bayesian networks
e We can perform a greedy search over (equivalence classes
of ) Bayesian networks based on the score:

O O O O—-0O O ¢
O ﬁq@ O @p

R
Y
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@%L Review for the final

e The final is comprehensive

e Major concepts
— regression, active learning
— classification, margins, kernels, feature selection

— over-fitting, regularization, generalization, model selection

— latent variable models, estimation with incomplete data
— clustering, objectives
— graphs and probabilities, inference
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