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[ Abstract] Mining preference information is an important research content in artificial intelligence field data mining, and has been
widely studied in recent years. However, with the rapidly growth of digital data in the current society, more and more data are
generated in new applications, and preference data in real —time applications are generated sharply in the form of data streams.
Mining the dynamic characteristics of preferences increasingly requires solutions that quickly adapt to change. The main reason for
this situation is that the user preferences are not static, and can change over time. Traditional preference extraction methods are
mostly concentrated on static scenes and cannot process data streams efficiently. In this paper, incremental Conditional preference
networks (CP-nets) based on sliding window algorithm is introduced to deal with preference data streams . The experimental results
of the algorithm on synthetic data sets and real data sets show that the proposed algorithm could obtain user CP — nets model more
accurately consistent with traditional learning algorithms according to the context of user preference information . Compared with
traditional algorithm, this algorithm has low time complexity and higher efficiency.
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Tab. 1 Preference database table

Transaction Preference information

T, abic; > abyey aybyey > aybic, a bye; > aybic
T, abicy > abyey  aybyey > aybic, a bye, > aybye
T abic, > aybye,  aybie; > ajbie, ajbye, > agbye,
T, aybie; > aybie, aybie, > abie, aybie, > a bye
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Tab. 2 The bit-sequence of the preference between A and B

Windows Transaction The bit-sequence of A and B

TransSW, T, Bit(ab, > aby) = (100) Bit(a,b, > ayb,) = (010)
T, Bit(a,b, > ajby) = (100) Bit(ayb, > ayb,) = (010) Bit(a,b, > ayb,) = (001)
T, Bit(ayb, > a;b,) = (010)

TransSW, T, Bit(ayb, > ayb,) = (100) Bit(ayb, > arb,) = (010) Bit(a b, > ayb,) = (001)
T, Bit(ayb, > a;by) = (010)
T, Bit(ayb, > a;by) = (100)
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Tab. 3 The bit—sequence of the preference relation between A and B in the initial window TransSW,

Windows The bit—sequence of A and B Count value
Bit(a,by, > a;b,) = (100100) sup(a;b; > ayby) =2
Bit(a,b, > a,b,) = (010010) sup(ayby, > ayby) =2
TransSW,

Bit(a;b, > a,b,) = (001)
Bit(a,b, > a;b,) = (010)

1

sup(a by > ayb,)

sup(ayby, > ayb;) =1
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Tab. 4 The bit—sequence of the preference relation between A and B in the initial window TransSW,

Windows The bit—sequence of A and B Count value
Bit(a,b, > a;b,) = (100) sup(a,b, > ab,) =1
Bit(a,b, > a;b,) = (010) sup(ayb, > ab;) =1
TransSW,

Bit(a,by, > a,b,) = (001)

Bit(ayb, > a;b,) = (010100)

1

sup(a by, > ayb,)

sup(aby > ayby) =2
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TransSW = null;
/ % TransSW FH m /> TDS ZHA¥, = /
repeat :
for each incoming transaction 77 in TransSW
do bit — sequence(x)
if bit — sequence(x) # 0, then
do Sub(«i)
for
ifS,,,, = a, then
if $* ,,, ) =1 =B then
draw the dependencies v, > v, in
existence
else error
end if
else S, |, ) = a, then
iftS™ (,,,=1 =B then
draw the dependencies v, > v, in existence
else error
end if
end if
end for

end for
Begin

Check for update to
transcations in windows W

Add bit sequence
Bit(x) count Sub(x)

The number ()ffudgemcnt N
theorem 1 is less than
the threshold «

The number of judgement N
theorem 2 is less than
the threshold «

Y
Draw a CP—-net

B3 #wEAEEREE
Fig. 3 Incremental algorithm flow chart
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B i CP-net
Dedge(C,C")
/% G RIRIT KA T RIAS =/
while (existence V — in — degree = 0) do
for eachv, C C
If vi — in — degree = 0
Delete vi ,edgevi — > i,
C’+ new in—degree table; / = ¥H A
JEE R EFERIA C
end if
end for
end while
if €
deleteMin(S, , )) edge from C;
Dedge(C,C")
end if
if C* =null
return C

end if

= null
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Fig. 4 The preference structure CPT of A and B
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