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3 ON-LINE LEARNING MODEL
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4 CONCEPT LEARNING MODEL

HEENEEERTHDSHREINTWNE IO
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SVE L DIEBRCTIBRE NS BEH A D seed
EWESL, Eio, #i A %fii BO parent & VR3S

R"E 1

R; %8 Ajiciind 2EAET 5.
CDEEBHOESOYMME (BAER) I, i

A; DR A; D seed THhHBUuSE, R > Rj't‘a'oéé:ﬁ

9 5.

procedure CNF-LEARNING;
begin
Si =EROHEE; S. =ARDES;
while OPEN OO S, icBLTF/E do
begin
FET 5 A% OPEN Hh ol h g,
CLOSED it AN 5;
if ADBENLSE A'D seed HY
4 ~T CLOSED i#E#T 5
then OPENIZ A’%2MMZ %
end;
repeat 3 XTD s € S_IZDWVT do
repeat TP A; €OPEN 122 T do
RAZDOWTDOESFEL,
until
until
repeat <XTD A; €OPEN iZ2UT do
if (R; > 1) then add A; to CNF;
until
output CNF
end.
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