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ARTIFICIAL INTELLIGENCE

Zoo0 data example
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Objective : predict class y in ) = { Mammal (M), Bird (B), Reptile (R), Fish (F) or Invertebrate (I) } from the following n features

Feature feathers cgos aquatic  toothed backbone breathes with lungs venomous fins legs tail
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If the value is lett unspecified, we use the question mark symbol as for instance Z for feathers

Observation : & = (\\,::,C, : ,ﬁ,ﬁ, ""7;\’7 )

/. \ N
Crisp Case
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Robust prediction with credal sets

Credal set: Probability distribution p replaced by convex sets of
probabilities P

A class y dominates a class y’ given a probability distribution p

Y Zpo Y I p(y[x) = p(y'|x)
A Validatory Prime Implicant (PI) of y =, ) ¥’ is a subset £ of features whose value in the observation
is sufficient to obtain dominance no matter the other values

Robust classification : Necessary recommendation y >p ) ¥

. py|x)
b Y & Vp € P, x) > p(y'|x) < inf
Y mP((x)Y 4 p(Y’ ) - p(y ‘ ) pep p(y’\X)

Incomparability : When neither classes 1s necessarily better, incom-
parability y >=—<p )y’ arises :

> 1

Example : M ip B

(%)
with (mp, ?_p) = (X207, 2, 8,0, & 2 )

A Contrastive Prime Implicant (PI) of y =, ¥  is a subset E of features such that changing the

B, E = {feathers,eggs} is a Validatory Prime Implicant because M tp

(I, 7 )

P'(y'|x)
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observation on these values is sufficient to obtain a reversed dominance, while keeping other values untouched dpeP yx) (y %) <1
Py’ |x ply|x
| _ . R . L plylx) P Yx)
Example : M > . B, E = {feathers,eggs,legs} is a Constrastive Prime Implicant because & inf <1 and inf <1
p(%) peP p(y’|x) reP p'(y|x)

B = Mie (£, 0, |, B a2k T X ) is classified as a Bird
p7<1&’—E7</’7 2% )
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Validatory PI

Naive Bayes leads to

Doubt PI

Contrastive PI
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Vope X" inf p((y,“x)) <1and inf > ,((y “X; <1
peP p(y'|x veP p'(ylx
Vo_pex P pf PYIEELE) . o p(yl(xp,2-p))
peP p(y'|(Xpg, 2-p)) & Py E)= sup inf —= <1
7 :L'_EEX_EPEP p<y ‘(XE7 x—E))
& ¢y p(E)=inf Py|txp, 2-5)) > 1 P(y'|(xg,2-p))
Y.y peP p(y'|(xXg, x_g)) and gbf,,’y(E) = sup inf <]

v _pcX-EDPEP p/(Y‘ (XEa aj—E))

Application with NCC |1, 2]

Pyp) _ pyly) H 5 ’((;Z“;’,)) and with credal sets for all pi(- \y’) distributions we obtain il”lfM = —By(w H Bié:";,/)) with p and p lower/upper bounds of p € P

py'[x)  py(y’) N pepPY'[¥) Pyly') 2 P
Validatory + Contrastive Pl Example Doubt PI
. o (xf Worst opponent for M ~_ 4 Band M =<_ , R o, 3) is either (y,y’) either (y’
WY — VY 5 arg inf _2_9@( a!yl) pPp M =p o, () (v, ) (¥, ') ( a(y )Y)
SE?G%Z?Z'(%W) xVMB — (/‘ <. .\ /\(, K 2 % D * ay ) B gm0 P\t 1
) ) ) ) ) 9 9 9 9 = X,_jarg sup Z_? (a?a 5)
v : v v/ dM,R _ (Y N7 rieX; Pi\Lg
VE C N log ¢y,y’(E U {i}) — log (by,y’(E) - Gy,y’(z) = N (f<’ T ’ﬂ’ E’ %"4’* ) Like Validatory or Contrastive PI, we obtain :
= log 6y,/(E) =log 6y,(0) + > Gy y(i) = 0 xERM = (X, 0,€, 7, K 0, ¥, X, ) log oL 4(E) = log ¢ ,(0) + > G (i) <0
) ~ - o) g o, g o, o,
| i€E C b 4 -3 N : () i€E
Wg hgve exactly'the same properties for ¢g .. tp 264 220 0 229 515 -6.77 3.7 | s
[t is item selection problem [3] (i 0 0 0470 0 0 | 58 G (i) (log Z_%-(XZ Oé)) (log ZZ@(X@' Oz))
vy,y’ MR o ‘ [ — = , - — /. da,
- p,(xily) P, |y) GLo 0 <149 0 061 0 | 245 pi(xil ) pi(x;"|3)
Gy ylt) = | log = / log vyLy o . . .
| pi(xily’) p; (%7 |y') A & & 2?2 R Adding feature ¢ in E' changes both functions qb‘yl.)y, and
. v 515 515 187 91 187 4, by adding in both a positive value, while both func-
p(x"ly) p(xily) T 0919 131 ons are bounded b
G5 (i) = |log =2 ) — [log == Gir 0 0 -0.219 -1.31 -0.219 tions are bounded by 0. |
p:(x5YY |y P (X |y’) G%)M 0809 -1.25 -0.707 0 -0.707 It is a 2-dimentional knapsack problem !
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