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Lecture on NBCs

This lecture assumes that you have
* Read Section 7.1 through 7.2 of Artlnt and

Artlnt: Poole and Mackworth, Artificial Intelligence 2E
at http:/ /artint.info/2e/html/ Artlnt2e.html
to include slides at http://artint.info/2e/slides/ch04/lectl.pdf



Supervised machine learning builds predictors
that improve performance
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Empirical (aka data-driven) Supervised Learning

Given: a set of classified objects (a #raining data set)
Find: a classifier or predictor (for predicting class membership of

unclassified data — a fest set)

An example training set:

Index 'V, Vv, vV, .. . .V C
1 Vi1 Vai V32 V2 1
2 Vi2 Voo Va2 Vi1 )
I Viz Vor - V3 Vim2 €1

Subsequent example (but NOT general) assumptions:
two values per variable, two classes
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Bayesian Classifier

Givenavector V ={vy, vy, Vi, ...y Vo, Gf
Compute:

P(ey| Vip, Voo, Vi o Ving) = PCy, Vig, Vag, V3gsees Vi) / P(Vi1, Va2, Va15e-+5 Vi)

Compute:

P(cy| Vits Vg, V3ise o5 Vind) = P(Co, Vigs Vo, Vagse e Vi) / P(Vi1, Va2, Vai5e-e5 Vi)

Classify V as in ¢, or c,, whichever yields higher conditional probability

Background: P(a | y) = P(a, y)/P(y), where (a, y) is same as (a A y) and (a and y)
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Bayestan Classifier cont

Note that denominators are equal, so if we are only interested in most probable,
we need only compute the numerators

Compute:

[ Pl - . <« \
P(c, | Vits Voo, Va5 Vo) propto P(Cyy Vi, Voo, Vaiseeey Vo) 7P Vom ¥ Vo)

Compute:

[ Pl - <z <« \
P<Cz| Vits Voo, Va5 Vo) propto P(Coy Vi, Voo, V3iseeey Vo) 7PV ¥ Vo)

Classify V as in ¢, or c,, whichever yields higher joint probability
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Background: the chain rule:

P(c, vl, v2, v3, v4) A factorization ordering

»
>

; y y y ;
= P(c) *P(vl|c) * P(v2|c, v]) * P(¥v3|c, vl, v2) * P(v4|c, v, v2, v3)
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P(c, v1,v2,v3, v4)
P(c, v1, v2, v3, v4) An alternagive ordering
' ' ' Vo

= P(v4) * P(v2|v4) * P(v3|v4, v2) * P(vl|v4, v2,v3) * P(c|v4, v2,v3,vl)



Background: conditional independence
P(c, vy, vy, V3, V)
= P(c) * P(v,[¢) * P(v,|c, vy) * P(vs|c, vy, vp) * P(vy|c, vy, vy, v3)

= P(0) * P(vi[©) * P(v,|¢) * P(vs|c) * P(vy]0)
if v;s are independent conditioned on ¢ (or conditionally independent given c)

Example: Skin-cover in { hair, feathers, scales }
Heart in {4-chambers, 3-chambers, 2 chambers}
Transport in {walk, fly, swim}
Class in {mammal, bird, fish}

P(mammal, hair, 4-chamber, walk)

= P(mammal) * P(hair | mammal) * P(4-chamber | mammal) * P(walk | mammal)
P(fish, scale, 2-chamber, swim) = P(fish) * P(scale | fish) * P(2-chamber | fish) * P(swim | fish)
P(bird, hair, 3-chamber, swim) = P(bird) * P(hair | bird) * P(3-chamber | bird) * P(swim | bird)

Example: Language in {English, Mandarin, Hindi, Spanish, French, ..., Tsalagi, Esperanto}
Country in {United States, China, India, Spain, Germany, Mexico, Canada, ...}

P(US, English) = P(US)*P(English | US)
P(US, English, Mandarin, French) = P(US) * P(English | US) * P(Mandarin | US) * P(French | US)



Nazve Bayesian Classifier
Givenavector V ={vy, vy, Vi, ...y Vo, Gf
Pc,| Vi1, Voo, Vi1s- -+ Vi) Proportional to P(cy, Vi, Voo, Vapseees Vi)

= P11V V315 o5 Vo COP (Vs | V31, ooy Vios €1)5 o5 PV | €)P(cy)

= PV | )P [ )PV [ cp). .. P(via | )P (cy)
under assumption that V'is are independent conditioned on C

P(c,| Vi1, Voo Viis- -+ Vi) Proportional to P(c,, Viy, Voo, Vapse«es Vi)
= Pvi1| Vo V315 o5 VindsC) P (Vs | V315045 Vio, €)oo P(vVin | €)P(cy)

= P(vy; [ )PV, | P31 [ €)oo P(vinp [ ) P(cy)
under assumption that V'is are independent conditioned on C

Classity V as in cl or c2, whichever yields higher joint probability under assumption

of conditional independence g
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Learning a Naive Bayesian Classifier

View probabilities as proportions computed over training set.

Py lc) * Pyl cy) * Plvyy|cy) * ... * P(vp|cy) * Plcy)
Vi, €/ [e1] * [Vao, ¢/ [ei] * [v31, €41/ [eq] *- o [V €11/ [e4] * (4] /1]

where [conditions] is the number of objects/rows in the training set that satisfy all
the conditions. So [v11, c1] 1s the number of training data that are members of cl
and have V1 = v11, [c1] is the number of training objects in c1, [ ] is the total
number of training objects.

Learning in this case, is a matter of counting the number of rows in training data in
which various conditions satisfied:

* cach class/variable-value pair
* each class

e total number of rows o
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P(vii, Vo, V31, Cp)

=Py | Vo, Va5 €) *P(vyy | V31, ¢p) * P(vy | ) * Plcy)

= Vi1 Voo » V315 €/ [Van > Var > €0 * Voo s Vi €l /[Var > €] * [V, €41 /[eq] * [eld/[]

= [Vi15 Vo> V315 ¢1] / [ ]
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Givenavector V={1, -1, 0, ...., 1}
Compute: There are often unknown values during training (and test)

P(-11,-1,0,..., 1) as P(1|-1)P(-1|-1)P(CL=1)....P(1]-1)P(-1)

P(1]1,-1,0,..., 1) as P(1|1)P(-1|1)P(0!1)....P(1|1)P(1)

Classify V as in cl or c¢2, whichever yields higher probability
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Vi V2 V3 Vm

cl|[vll,cl] [v21,c1] [v3l,cl] ............ [viml,cl]
vi2,el]l [v22.c1] [v32.el] oooeeiiii., [vm2,c1]| [c1]

2([vil,c2] [v21.c2] [v31,c2] ooooooi.. vml,e2]] o
v12,c2]  [v22,c2] [v32.c2] vooeeeei.. [vm2,c2]
vil]  [v21]  [v31] [vml]
[v12] [v22] [v32] [vim2]

Consider an (multidimensional) array implementation of int,
and estimate P(vij|ck) as ([vij,ck]+1) / ([ck]+2), and P(ck) as
([ek]+1) / ([1+2)

Number of classes Number of Vi values

Pseudo-counts to avoid the zero-probability problem and to
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