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Collaborative Filtering Efficiently Using Purchase Orders

ToMOHARU IwATA,t TAKESHI YAMADAT! and NAONORI UEDAT!

‘We propose a new collaborative filtering method that can predict the next purchase item by
efficiently using the sequential information in purchase histories for recommendations. Markov
models and maximum entropy models are both widely used techniques for such recommen-
dations. In Markov models, parameters can be estimated and updated fast and efficiently,
but predictions may not be accurate. On the other hand, the accuracy of maximum entropy
models is generally high, however parameter estimation incurs a high computational cost. We
achieve both fast parameter estimation and high predictive accuracy by combining multiple
simple Markov models based on the maximum entropy principle. Experiments using real log
data sets of music, movie and cartoon distribution services show that the proposed method
outperforms other conventional methods found in the literature.

1. Oo0oano

0000000000000 0000000000
O0000O0D0000OoOo®oooooooooo
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000 0O0Ooooo®Yoooooo
goooooo¥oooooooooooooog?
000000000D0000000000000000
0000000000000 00000000000
00000000000 000D0000000000
0000000000000 00000000000
00000000000 0000000000000
0DO0oooOo0o0

0000000000000 00D00000000

10000000000 NTTOOOODOOODOOOOO0OO
ul
NTT Communication Science Laboratories, NTT Cor-

poration

125

0000000000000 00D000000000
0000000000000 00000000000
0000000000000000000000000
000000000000000D00D0000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
0D00000000D00D000000000000
000000000000 00D000000n
0000000000000 D0000000000
00000000000000000000'YY 000
000000D00D00D00000000000000
000000000000000000000000
000000000000000000000000
100 DVDOOOODOO0O0O0OO0OO0O00O0O0000
200000000000000000000000
000000000000000000000000
000000000000 000000000000
000000099 0D0000000000000



126 go0oo0oooOooooooooooooo

gobooooobooooboboooooobooooonon
goooooooooooobooocooooboooo
goooboooooooboooobooooonoooo
goooboooooooooooboobooooooo
000000000000000000000%00
gooobobooooooobobooboboooooobo
gooooooooooooooooooboboobo
gooobobooooooobobooooboooooo
goooboooooooboooobocoooooooo
gobooooooooooooobooooooooo
goooobooooooboooooboooooooo
gobooOooooooooooooboboooooo
gooooooooooooooboobooooooo
goooooooooobooooooooooooo
gooobooooooooooobooobooooooo
gooooooobooboooooooboooobo
goboooooooboooobooobbooooboo
gbooocoooob 200000000000
goooobooooooooooooooooooo
goo3gooooooboooooooooooonon
goboboooooooobooooooooobo40
goooboobooobooooboobooono sobobooo
gooooboooooobooooooboooooooo
oob00eOO0DOOOODOOODOOOOO

2.0 0O O

000000 UDO00000 S0000 o0 kO
000000000 z,, € SOO0O0O0OOO0OOO
0 tng = (@nk-1, -, 2n1) 000000 N OO
0Jooo0o0viooOObOU0OOK, O0D0OO nDOODOO
goobooooo
2.1 OJOOOOOO
Jo00o0oo0obooOobobooOoboobobobooo
go0o0oo0o0o0oboOooLoobooobooboooo
0000000 LOO0O0000000000000
P(@n k|tn, k) = ) Tn kL),
(1)
I 72 A A I R 7 A
(z1,---,2z) 0000000 o 01000000
00000 LOoopDoooooooooooood w
00000000000 00000000 0MAP

gobooo

- M(z,u)+ 9§

P =2\ u o 2

(o) = Freor e @)
0000000 s0000DOO0O00O0ODOOOleave-
one-out OO UOOOO0O0OOOOOODOODODOOO

P@nklen -1,

Mar. 2008

0 Mzw) OOOODOOOOOOOOOOODOODO
(z,u) = (z,z1,---,2r) OO

Ky

=2 >

nelU k=L+1
/\(xn,k_1 =1’1) AN

wnk—

A(@ng-r=21)), (3)
DDDDM(U)DDDDDDDDDDDDDDDDD
O wuwu=(z1,--,z) 00

=3 >

neU k=L+1
/\---/\(31271,;C,,-4=mL))7 (4)

0000I(yy 0 yODODOOD 1D00D0OO0OOOOO
poooboooooo

0o00o0ob0ooDo0obOo0obooboooooo
JO0doooooobooooooobooooooo
go0oobooboooooooobooboooooooo
pgooodoboobobobobooboboboboo
pgoobooboobobooobuoobooboo
00000 (2)0oooooUuooooooooon
OoooobooOoooboboooboobooobooo
Oooo0ooobOoboboboboobooobooooo
0O0D00000OO0o0obOO0o0obOOoOobooboOoooo
0OoD000O00bOO0o0OobOoOoDOoOobooooo
OoDo00b0OO0o0obOOooDbbOOoOobOLOobOooooo
0oD000DoO0 o(Vityoooooooooo
JO0do0oooooooooooboooobooooa
ooobobooobobooobobooobboo

00 . 0DO0O0O0ODOOODODODO!IDOO0ODOO
00000/ 00000000000000000
pooooog

I((l’n,kfl :l‘l)

L
Pz, -, zL|z) = H (z1]2), (5)

000000000L000000000000000
00000000000 D00D00000000000n
O P(|z) 000 z 00000 (000000 &
000000000l 0o000oooooo*on
0000000000 « 00000000000 =
0000000000 000O00n

P(x)P(u|z)
> P(a)P(ulz’)
x)H P (z|x)
Ez/ P(x')nz i xz\x)

0000000 P(x) OO0 2000000000

Plalu) =

(6)



Vol. 49 No. SIG 4(TOM 20)

goooooooboooooooo O(LVZ)DDDD
0DooDoOo MAPOOOO
Plo) = e lEnk =D 40
S K40V
000dooooO0Oloo000000oggog MAP
goooa

Py(a'|x)
_ I ]((a:nk =x) A (Tn k-1 = w')) +46
- Zn Zk H(xp ), =2)+ 06V

)

(8)

00000000000000000000000O0
0000000000000000000 2000
0000000 20100000000 0000
0ooo

2.2 00000000000
00000000000000000000000
000000000000000000000000
000000000000000000000000
o919 oooooooooooo'®o0o0oo
0000000000000000000000000
0000 «» 0000000000 2000000
00

P(z|u) = exp(Z aryr(z,u ) 9)
feFr
DDDDDDDDZ@):Zpr@LawA@UD

ooboobbOy, 0000O0OFOOO0OCDOOOOOO
ocoooOoooooobooooooobo!obooooo
gobod

1
Yrig (2, u) = {0

000D0D0000000000000 LV?2 o000
000000000 {ay};er 00O0D0OD

J= Z Z log P(@n,k|wn k), (11)

000oooooo'Yooooooooooooon
000000000000000000000 JO
000000000000000000000000
000000000000000000000000
OOoooO0O0OOoOoOoooolo

0000000000000 0000000000
0000000000000 D00000000000
00000000 oooooooooo0oooo

ifi:x.l and j =z, (10)
otherwise,

go0oooooooooooooooooboo 127

gooooooooooooobooooooooon
0¥0000000000000000000000
goboooooooooooobooooooobooboo
gbooooooooooooooobooooooboo
gobooooooobooboobooooooooooo
gooooooobooobooboboooooobooobo
gooooboooooooooo

3. 0 O O

00000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
ooooo
0000000 P(z)00 (7)0000(00000
000000 P(z|z)0l=1,---,L 00 (8) 000
0000000000000 « 00000 000
0000 P(zj«) 0000000000000000
O000P(zjw) 000000000000000O0O
000000000000000000000000
000000000000000000

ZZZPI\M log P (n 1)
—ZZlong TntlTn k),

I=1,---,L,

(12)
000000000000 000000000000
00000000000000000000

ZZZP z|wn 1) log P(z)
= ZZlogP Zn,k) (13)

DDDDDDDDDDDDDDDDDDDDD (12)0
(13)000000000P(zlw) DODOODOOOODO
goooobooooboo

P(z|u)

1
7 )exp(aologP —|—Zoq logPl(xl|1:))
1=1

_ 1 pyao
_Zu)P(x)
0000000 Zuw) = Zmexp(aologf)(w)+

ELmMQMM@)DDDDDDa:{mﬁﬂDD
O0000D0000000ay 000000000
0D/0000000000000000000000

Pi(aifa)™, (14)

oy

Il
=



128

go0oo0oooOooooooooooooo

@@@

1-gapped Markov
F(x,_ 1x,)

2 -gapped Markov
P(x,1x)

[-gapped Markov
B, 1x)

Combined Model
P(x, lua,)

01 000000000000 0O0oOooOO0O000O0boooOo0O

purchased item

Mar. 2008

Fig.1 The proporsed model: multiple gapped Markov models are conbined with weights.

00 LO0O0O0O00000000000000000
DDDDDDDDDD(D)DDDDDDDlDDD
(v =101=0,---,L)00000000000000
DDDDDDDDDDDDDD(@DDDDDDDD
000000000000000000000000
00000000000000
00000000000000000 (11)0000
000000000000000000000 00
0000000000000000000000000
000000000000000 «00000000
0000000000000000000M 0000
00000 «00000000000000UD M
000000 {U,})Y_, 00000U-,, = {U;}jxm
oooooooo P(xU-,) 0000000000
0000 P(a'|z;U-,) 00 (15)0(16) 00000
ooo

Zneu,m Dopl(@nk=2)+0

ZnEU,m Zk I+ oV ’
(15)

P(m; U_,) =

Pi(a|a;U )
ZHEU,m, Zk I(xn,k =z A Tn,k—1 :1‘,)+5
Zneu_m Yo l(wnr=1x)+ 6V

(16)
0000000000000 U, 0000000

L:Z Z ZlogP(In7k|un,k§U7W)7 (17)

m neU,, k
0bobobobib00 e0obobobo

P(zlu; U_p,)

L
— 1 . =)
= 72 ) P(z;U_p)* 1:[ (|2 U—m) ™,

(18)

00000000 0000000000 0000
ooooooo

0000000000000 LV(V-1)4V+L0O
0000000 LO000000000000000
0000000 LV(V-1)4+V-100000000
00000000000D0000000000000
000000000000000000000000
00000000000000D000000 L+1
0000 « 0000000000D00O(LV?) 000
000000000000000000000000
000000000000000000000000
oooo

00000 «00000000000000000
000000000000000000000000
0000000000000000000000000
000000000000000000000000
00000000000D0000I00000000
000000000000000000000000
000000000000000000000000
000000000000 00000000000
00000000000000

4. 0000

00000000000000000000000
000000000000000000000000
00000000000 O00®® o0oooooooon
00000000000000000000000
000000000000000000000000
00000000000000000000000O0
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000



Vol. 49 No. SIG 4(TOM 20)

go0oooooooooooooooooboo

01 0Do00o0o0o00ooo0o0000obooobOO0000ooo

Table 1 The start date, end date, the number of users, items and transactions.

000 ooo FEGEEEEEEEEE
Musicd  2005/4/1  2005/4/30 247 132 1,508
Musics  2005/4/1  2005/5/31 1,120 348 7,588
Music6 ~ 2005/4/1  2005/6/30 2,104 561 15,216
Movie ~ 2007/1/1  2007/1/1 3,085 1,569 25,363

Cartoonl  2005/4/1  2006/1/31 42,184 153 453,386

Cartoon2  2005/4/1  2006/2/28 53,830 161 599,196

Cartoon3  2005/4/1  2006/3/31 69,217 175 808,182
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Table 2 Accuracies (%).
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Markovl Markov2 Markov3d GapMarkov MaxEntSeq MaxEnt Cosine PLSA Mixture OurMethod
Music4 15.7 10.6 2.1 19.5(2) 19.5(1) 15.7 8.9 12.3( 5) 16.1(3) 19.5( 2)
Musich 12.8 6.4 1.4 12.9(1) 14.7(8) 10.4 5.7 8.3(5) 12.8(1) 14.0( 6)
Music6 11.4 7.1 2.0 10.9(2) 12.5(6) 9.1 4.6 6.9(15) 11.5(2) 12.9( 8)
Movie 39.1 31.1 30.1 39.4(1) 38.7(3) 27.7 5.4  6.1(50) 39.5(7) 39.6( 3)
Cartoonl 15.8 16.2 10.4 17.7(3) 19.1(5) 17.3 8.9 11.3( 5) 16.4(2) 19.5(10)
Cartoon2 16.2 18.3 14.4 20.7(4) 21.8(6) 19.1 8.4 8.8(5) 16.7(2) 21.7(10)
Cartoon3 16.1 17.1 14.4 18.3(5) 20.9(7) 18.8 8.4 9.6(30) 16.1(1) 19.6(10)
03 0003000 (%)
Table 3 Top-3 accuracies (%).
Markovl Markov2 Markov3d GapMarkov MaxEntSeq MaxEnt Cosine PLSA Mixture OurMethod
Music4d 30.5 15.3 2.1 32.2(2) 36.4(3) 25.4  17.4 26.7(10) 31.4( 3) 34.7( 6)
Musich 24.7 12.0 3.2 24.3(2) 28.0(3) 22.6 14.4 19.6(25) 24.7( 1) 27.6( 7)
Music6 21.9 11.4 3.3 22.2(1) 25.0(3) 18.4  12.1 14.7(15) 23.2( 6) 25.6(10)
Movie 44.4 32.7 31.0 44.3(1) 43.9(3) 35.3 10.3 13.5(50) 44.7(10) 45.0( 6)
Cartoonl 29.1 28.3 17.8 31.7(4) 34.5(7) 34.1 17.9 22.9(40) 30.1( 2) 34.4(10)
Cartoon2 29.6 31.0 22.6 34.4(4) 36.7(7) 35.0 17.3 21.5( 5) 31.6( 2) 42.7( 4)
Cartoon3 28.8 30.2 23.5 32.8(6) 35.6(8) 33.4 18.3 23.8(30) 30.1( 2) 35.1(10)
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Table 4 Computational time (second).

Markovl Markov2 Markov3 GapMarkov MaxEntSeq MaxEnt Cosine PLSA Mixture OurMethod OurMethod2

Music4 0.03 0.06 0.05 0.04 12.77 6.28 0.01 1.07 0.17 3.66 0.08
Musich 0.12 0.69 0.76 0.23 456.56  217.54 0.06 10.31 1.52 87.21 0.45
Music6 0.30 2.15 2.65 0.67 1969.55 916.47  0.18 29.05 3.87 345.90 1.12
Movie 2.00 11.04 9.35 5.16 9316.09 8267.11  0.97 117.69 14.53 2968.72 7.49
Cartoonl 1.61 4.50 20.45 2.82 132001.62 16046.90  7.97 239.01 753.77 5267.85 4.39
Cartoon2 2.13 5.66 27.42 3.83 216770.25 21597.25 11.36 356.28 1242.36 7931.55 5.59
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