Information Retrieval Modelling:

Bayesian network models
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Figure 6: A simplified inference network

= 60 9t BE =SS {01} S e oAl RAS Wag Uehdt. of
o] o] AU 2] 9 h
ol £ 8ol & el a2

P(ry,q1,q31) = P(r2)P(qilrs)P(aslrs,qi)P(llrs,q1,q3) (A 11)

Yoo Y2 AL wHAEY MY oEA UAS UERHT. event “information
need is fulfilled” (I = 1) 2 7FA]Q] ZF&jA o] Q(causes)s Z=rh He =& ;0] Fo|A
U He] we gy 7} &bojck(r]olar 2 = Zolt}). wij2 o] % Jjo)
He) mEL BA LE r, of &S k. Jejne o] R tigal e £7A £

Ex 3
1YE e

N
12
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