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Preprocess the jth web document
Get the initial profile p
Initialize p and R(s,a), for all s,a
Repeat until to finish user behavior
(1) 5 <« current state
(2) Take action a in s (&- greedy policy)
(3) Extract user preference from user
behavior
(4) Take reward value
(5) R(s,’a,)e R(s,,a,)+
alr—p+maxa: R(51+l’“r+1)_R(st,“t )]
(6)if R(s,a)=max, R(s,a),then
Pr €< P +ﬂ(" + R(sl+l,at+1)_ R(Snal)‘Pt)
(7) Update term_weight
5. Update user profile
6. jejtrl
7. Gotostep 1
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