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Decomposable score
"
] |:og data likelihood ) X
log P(D|0,G) =m > I(X; Pax,)—m)» H(X,)

m Decomposable score:
Decomposes over families in BN (node and its parents)
Will lead to significant computational efficiency!!!
Score(g :E) = f-L_,FamScore(WDaXi:QD)
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Chow-Liu tree learning algorithm 1
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Chow-Liu tree learning algorithm 2
= o9 P(D|0,G) = MZf(mi,Pa%g)—MZﬁ(Xi)
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Can we extend Chow-Liu 1
" JE
m Tree augmented naive Bayes (TAN) Ji\9

[Friedman et al. '97] K %y %
Naive Bayes model overcounts, because
correlation between features not ™ N Cam pudhoce

considered QLO'«L‘LG&:frj

Same as Chow-Liu, but score edges with:
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Can we extend Chow-Liu 2
" JE
m (Approximately learning) models

with tree-width up to k

[Chechetka & Guestrin ’07]
But{ O(n2*6)




What you need to know about

. aearning BN structures so far

m Decomposable scores
Maximum likelihood
Information theoretic interpretation

m Best tree (Chow-Liu)
m Best TAN
m Nearly best k-treewidth (in O(N2k*6))

Maximum likelihood score overfits!

" JEE
7 log P(D]6,G) = mz I(Xx;, PaXig)—mZ (X))

m Information never hurts: Jhe prore prants

DL, T = HOG) - B0 i) ;g& ’*fga**;
H(AIR) 2 H(xC) CeB KRG

m Adding a parent always increases score!!!
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Bayesian score
" JE

m Prior distributions: MMP(D L D@
Over structures — G_ d
v G s, 2

Over parameters of a structuregl/f”“ Totio e 1,\%;4, &l
| aethw aver W%’F@Jlje%wpn da;jr R
2°D)
o, P(PLC00) P(e(,lc.) PC6) oo
. (o)
NV_”_A_.{’WM .

flog P(g | D) & log P(g)—|—|og/ P(D | G,05)P(0|6)d0g
pay{*r"“

1)

£ C,dﬂJ‘/’\'l‘./‘ < on P( D)

Can we really trust MLE?

" A
m What is better?
3heads, 2tails (. . ?/g

30 heads, 20 tails O mce = %

3x10%° heads, 2x102 tails @y (= > — m
D]

m Many possible answers, we need dlstrlbutlons over possible
parameters
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Bayesian Learning

N
[ ] \hllt\oo!k
] UseHBayes rule: o F
P P(D|6)P(0
P(D)

/;OV

m Or equivalently:
PO | D) x P(D|O)P(O)

Bayesian Le@rnlng for T uymbtack

. i /l Cal o

P D) x P(D|6O)P(H)

m Likelihood function is simply Binomial:
P(D|0) =6MH(1 —0)"T

m What about prior?

Represent ewdge
Simple posterior rior form

m Conjugate priors:
Closed-form representation of posterior (more details soon)
For Binomial, conjugate prior is Beta distribution
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Beta prior distribution — P(0)

[ |
QOLH*]. 1 _ 0 Oszl
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m Likefihood function® P(D|0) = 6™11(1 — 0)™T o~ likifiey
m Posterior: P(0 | D) « P(D|0)P(H)
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Posterior distribution
= JEE

m Prior: Beta(ay, o)

m Data: m, heads and m; tails

m Posterior distribution:
P(0 | D) ~ Beta(mpg + ag,mr + ar)

Bet B Beta3) C B2
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Conjugate prior
“ JEE

m  Prior: Be{;a(oéfl7 aT)
m  Data: my heads and m; tails (binomial likelihood)
m  Posterior distribution:

P(0| D) ~ Beta(myg + ag,mr + ar)

Given likelihood function P(D|0)

(Parametric) prior of the form P(6]a.) is conjugate to
likelihood function if posterior is of the same parametric
family, and can be written as:

P(6]a’), for some new set of parameters o’

B2

Using Bayesian posterior
" |

m Posterior distribution: :

P(0| D) ~ Beta(mg + ag, mp + ar)

m Bayesian inference: P o5
No longer single parameter: J

PO = [ 5@ P@| D)o

iy 2

ta pdf

Integral is often hard to compute

e —  MMan, hr&‘MJf
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Be020)

Bayesian prediction of a

new coin flig 5
s Prior: Pl (*t—)(*f)

m Observed m, heads, m; tails, what is \
probability of m+1 flip is heads? porteior Bk (Lo o e emy)

?( /’\-\ldclip = L\o.e\XS ) f"h-;,/r\,r)

= Reatle) (0 my,me) A6
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Asymptotic behawor anq §quivalent

Samgle Slze PHO‘T\ m / 0(6%,,\_ < ledt S*\m!k& $ik

m Beta prior equivalent to extra Ly 2o F

0.5

I 04 Fix m’, change o
thumbtack flips: K4 = () M £ | = - -
CERL R
mpy + oy +mr + ar
m As m — oo, prior is “forgotten” 0; MR
m But, for small sample size, prior o M= #samples
is important!
m Equivalent sample size: ¢
Prior parameterized by o, 0., or < ¢ ”{btonu "
m’ (equivalent sample size) and o z o Fix a, change m’

mp + am’

Fl] m —m———
) my +mp+m'
o M=)
DO n 40 &0 80 100
M = #samples




Bayesian learning corresponds to

. smoothing

mpy + am’
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IS Sy et
m m=0 = prior parameter
m m—oo = MLE |
do kT
S ) €7 ——

Bayesian learning for multinomial
" S

M. & # 0brwdions

: . e
m What if you have a k 3|deq com_. 2 oF class el
m Likelihood function if multinomial: - EERY ,,L,,\

PDIe, —e) = g™ e ™ - Oe
Z2e:i=1 8130

= Conjugate prior for multinomial is D|r|chlet:
0 ~ Dirichlet(azy, ..., a) ~ HG“’
L 20 ‘
m Observe m data points, m, from assignment i, posten
?(@l_..glf"\c— mb) oA ?(m\...mﬁla‘ ﬂﬂ C)
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Bayesian learning for two-node BN
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Very important assumption on prior:

. Global parameter independence
m Global parameter @ L

independence:

Prior over parameters is product
of prior over CPTs
e—

%6)=T] 3 (6 1)

|




Global parameter independence,

_ d-segaration and local prediction

m Independencies in meta BN:

—_—

O\AA fY/L'o»’ \/G\fiv_ﬁ

e BN P(osls)
() = Ber) P8 Ploses) P(Om1s) PCs
O
[0
m Proposition: For fully observable data Osipg
D, if prior satisfiesmwr J

independence, then QA
N
P D) =]] P(Ox,pay | D) “
i ! /9
?‘\-’AMS ':f\tggpf 3\(\/1,\ dpc"p\_ (G'N\S

Within a CPT
" S

Meta BN including CPT parameters:

Are Oyx-, and 0yx d-separated given D?
Are Oyx-; and 0yx¢ independent given D?

Context-specific independence!!!
Posterior decomposes:




Priors for BN CPTs
] ﬁmore when we talk about structure learning)

m Consider each CPT: P(X|U=u)
m Conjugate prior: |
D—“ﬁﬂet(a)@ﬂwu"'-’ (xX=k|U=u) = Diﬁthld—((omf O(:‘l U:'“}""/

. vy dM)L‘ B L.
m More intuitive: ( &i
“prior data set” D’ with m’ equivalent sample size‘( o)
“prior counts”: COU\’I‘P (X:Z,U:U\) or m'. P (M

prediction:

EE 6«/;_)(,\\):.(:5 —

Comt (g, 0z + (ot (x:zius/cg
Covnd (Uzw) ¢ Condt' (U2w)




