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One-shot Collaborative Filtering

SHUHEI KuwATAt and NAONORI UEDA'

We propose a new collaborative filtering method based on a probabilistic approach. In the
proposed method, we assume that the empirical marginal distributions of the ratings over
users and/or items are similar to these corresponding distributions of unrated data. Based
on this assumption, we try to predict unobserved ratings by minimizing the Kullback-Leibler
divergence between both the rated and unrated rating distributions. In contrast to the conven-
tional methods, which predict unobserved ratings individually and independently, our method
predicts all unobserved ratings simultaneously and with mutual dependence. We evaluate the
prediction performance and the computational time of our method by using real movie rating
data, and confirmed that the proposed method could provide prediction errors comparable
to those provided by the conventional top-level methods, but could significantly reduce the

computational time.
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Fig.2 Marginal rating distributions in matrix R (N = 6, M = 5, V = 5). The
unknown ratings are predicted by minimizing the KL divergence between
the (a) rated and (b) unrated rating distributions.
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Fig.1 Rating Matrix R (N =6, M =5, V =5).
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Table 1 The MovieLens and EachMovie data sets.

ML1 ML2 EM
gooo 943 6,040 35,280
ooooo 1,682 3,706 1,622
ooo 100,000 | 1,000,209 | 2,314,777

Sparsity 93.7% 95.5% 96.0%

goooooo 5 5 6
E[MAE] 1.6 1.6 1.944
goooooog 800 5,000 30,000
0000000 143 1,040 5,280

000000000 10000000
() 0000000000000000000000
00000000000000000000000
000000000 2000000000000
00000000000000000000000
0000000000000D00D00D00000
000000000 00000D00000
(M OO0OO0D0D0OO0O000000000000000
00000000000 000000000000
000000000 2000000000000
00000000000000000000000
0000000000000000000000
0000000000000000000000
00000000000000000000
0000000000 00000000 20000
0000000000 D00000000 AllBut n O
0000000000000 00000000000
00000 »0000000000000000000
00000On=10%020%00000000 “AllBut
10%”0 “AllBut 20%” 0000
42 0 0O O
000000000000 00000000000
000000000000000000000000
0000000000000000000000000
4.2.1 0O0O0ODO0OOOOOODO
0000000000000 0000000000
000000000000000D00D0000000
0000000000000D00000000000
0000000000000000000'¥o0
0000000000000000OO0ooY® oo
000000000000000000000000
oo ogoooo0o00DOono0ngn R
000000000000000000000000
000000000000000000000000
0000000000000000 user-baseld item-
base0 00000000 DOD NOOODDODOOO



158 go0oo0oooOooooooooooooo

MOOODODODO0OOOODOO0OO00000000000
000000000000000000000000
000000000000 00000D0000000n
000000000000000 Pearson0000
O Adjusted Cosine 000 0OOO0O0OOD0OOO0O
0000000000 0000 2000000000
ooooo

e k 0000OKNNsHO 1319

0000000000000000 00000
000000000000000000000000
000000000000000000000000
000000000000000000000000
0ooDoooonoo

Zle Wai(n‘,t —-7)

user-base :  Fa = = ; + Ta,
Zizl ‘Wa|

. S W (ray —75)

item-base :  Fq = J = i Te.
> WY

0000OW: 000000000 « 0000 ¢00
DDDDDDDDDDWgDDDDDDDDDD t
obob 00000000

KNNs OOOOODUOODODOODOODOO
Joo0do0oO0ooOoooooooooogon ko0
0000000000000 O user-base/item-basel
Pearson 0 0 0 O /Adjusted Cosine D000k =
100,200,...,500 OO DOOOOOOODODODDOO
O kKNNsOODODOO

e Unified method with Similarity Fusion
0 SFO®

user-base kNNs [0 item-base kNNs 00O 0O0O0O
goooboobooooboobooboooooboo
0000000000000 00000000Rwns
goooobooooobooboobooboooboobooog
goooboooboobooobooboboobooboog
0ofdoobooboooooooooooooooo
0odoooooooooooooooooooono
doodoobobooooooooobooooooono
gbobobobobobobooog

> Wilfalris), (7)
ri i €Rnns

Jar(rig) =rig = (Fi = Ta) = (75 = Tt).
D000OW 0 7y 0 re, 0000000000
SFOO100000000000D0D0OD0000O0gd
goooboobooboobooboobooboboog
016)000000000000000000O0O0OO
000 Cosine00000O0O0DODODOODODO Adjusted

Ta,t =

Oct. 2007

Cosine 0000000 MMOOOODO 16)000
42,2 00000OO0OOOOOOO
0000000000000000000000

000000000000 000000O0000

000000000000 000000O0000

goinn o poooo0000000de =

1,2,...,v0000000000000000000

000000000000000000000000

0000000 median rating *20

{v
0or,.,00007,00000000000

v

Z vPr{rq: = v},

v=1

Pr{re: < v} < %, % < Pr{rq,: > v} },

gO0doooooooboooooboboooooooa
goooooooooooooooboooooooon
0 median rating 00000000000 0OOOOO
0000 400000000000

e 1000000 O0MULTIO?

gob0o0obooooobooobooboobooo
10000000o0ooboobooooboobooo
0oo00o0o0oo0oooOo (2)UoooUuoooo
000 j00000000000 p(ry,lj) 00000
000 :0000000000000000D00000O

(73,570

p(ri1,mi2, 5 mam) = | | p(risld)

—-

1

J
e 00000000 OOMIXMULTIO?
00000000000000000000000
000000000000000000000000
000000000000000000000000
0000000000000000000 0000
00000000000000000

P(Ti,1,T4,2, T4, M)

C M
= () [ [ prigls ze)° 370
c=1 j=1

00DOp(z) ODO0O 2z O000D0D0O00O
p(rijlj,z) 000D 2. 00000000 j 000
00D0000000000000000000000
0000 CcO0D0O000000000L =5010015
000000000000 00 MIXMULTIODOD
0000000000000 00000000000
0000 Expectation-Maximizationl] EMO O O O
ooo®'»Ooooo0000000o0oonooDn



Vol. 48 No. SIG 15(TOM 18)

Oooo0ooooo

e Aspect Modell AMP?

0000 cooobooooooboooooooon
000D0000000o0ooo0oooooooooog
Jo0ooooooooooooooMIXMULTIOO
0dooooAMOOO0ODOO0ODOOOOODOOODOOO
dooddoobooooooboooooooooono
o0ooooooooooooooo s0o00000d
oooooooooooogd

p(ri,h 74,25 -+ 7Ti,M)

M C
— I3 pteelidprislso 200, (8)
j=1c=1
0000AMOOO000000000000000
000000000000000000000000
000000000000000000000000
00000000000000MIXMULTIOOOO
L=501001500000000000 10000000
0000000000000000000 pLSA™ O
CFOOO0D0DO00O0O0D0O0O0
e User Rating Profile Modeld URPOV:1?)
O (8) 00 p(zeld) O p(z|0)p(0;y) DO ODODO
000 AMODODODOO00000000000000
000D000p(0;) 0 y000000000000
0 Dirichlet 000000000 i00000000
0000000000000

S Ti M)

M C
= /p(G; ’Y) H Zp('%w)p(ri,ju, ZC)S(ri,j?fO)da
0

j=1c=1

P(ri,1,74,2,5 - -

URPO AMOOOOOOODOOOOOOODOOO
goobooooboooboobooboboobooo
0000000odooDoo AMOOOOODOOOOOdd
ODO0O0O0O0OMIXMULTIO AMOOOO L =50100
15000000000URPOOOOODODOODOOO
000000 12)0000000000 MIXMULTI
gooDboOooooOOoOobobooOoOobo 1ooboooa

4.3 0OO0OOO

Dual Xeon 3.60GHz CPUO2GBOO0OOOOO
go0obo0o0onob 200 300000 20000
go03000000o00onoooooobbooooo
00 BASELINEOOO (6)J000000OOOO
0000 (0000000000000 O0OOOO
Jo00o0ooooobObOoOOo0o0o0ooooooboooo
BASE LINEOOOODODOOOODOOOOOO
“ 0000000 2000336h00000000

oooooooooooooo 159

0000000000000000000AMOO0
000000000000000000000000
000000000000000000000000
000000000000000000000000
00000 “ 000000000000 300 hO
mOs0000000000000000000000
000000000000000000000000
000 300000000000000000000
0000000000000 30000000000
000D00D0D000D0000000000
431 000O00OOOOOO
020000000()0 (b)000000000
00000000000 BASELINEODOOOODO
000D000O0O0OMLIO EMO NMAEODOOODO
000000000000000000000000
000000000000000000000000
000000000000000000000000
0000O0MIXMULTIOAMOOOODOOO00O0O
000000000000000000000000
000000000000000000000000
ooo
00000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
0O0O0MIXMULTIOAMOOOOO0OO0O0O00O0O00O
000000000000000000000000
000000O0MIXMULTIDOAMOURPOOOOO
00 CO00000000000000000000
000000000000000000000000
000000000000000000SF O kNNs
000000000000000000000000
0000000 MIXMULTIOOOOOOO0OO0O00O
00000000000000000000
000000000D000000000000000
000000000D000000000000000
000000000000000000000000
432 0000000000
0300000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
0000000000000000MULTIO BASE



160 go0oo0oooOooooooooooooo

Oct. 2007

02 0D0000000O00000000O0O000000C0O0O0O000O0

Table 2 The prediction performance of each method. A smaller value means better performance.

() 0O0O0D0ODO
ooo kNNs SF MULTI MIXMULTI AM URP BASE LINE
ML1 AllBut10% 0.456 0.468 0.477 0.488 0.489 0.470 0.487 0.498
AllBut20% 0.457 0.470 0.479 0.490 0.492 0.486 0.492 0.499
ML2 AllBut10% 0.443 0.440 0.459 0.464 0.445 0.416 0.464 0.481
AllBut20% 0.446 0.441 0.459 0.465 0.444 0.419 0.468 0.482
EM AllBut10% 0.445 0.419 0.451 0.463 0.409 0.403 0.465 0.469
AllBut20% 0.447 0.421 * 0.463 0.411 0.405 0.465 0.469
(byDODOOO
ooo kNNs SF MULTI MIXMULTI AM URP BASE LINE
ML1 AllBut10% 0.450 0.456 0.463 0.477 0.464 - 0.474 0.488
AllBut20% 0.458 0.461 0.469 0.480 0.476 - 0.486 0.493
ML2 AllBut10% 0.446 0.449 0.460 0.467 0.448 - 0.472 0.483
AllBut20% 0.447 0.452 0.461 0.468 0.446 - 0.470 0.484
EM AllBut10% 0.445 0.428 0.456 0.462 0.407 - 0.465 0.469
AllBut20% 0.446 0.430 0.451 0.462 0.406 - 0.464 0.469
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Table 3 The computational time of each method. A smaller value means better scalability.

(a) 0O0DODDO
ooo kNNs SF MULTI MIXMULTI AM URP BASE LINE
ML1 AllBut10% 0.67s 1.24m 5.10m 0.22s 11.0s 5.74m 4.42m 0.22s
AllBut20% 1.00s 2.19m 8.67m 0.21s 8.33s 6.40 m 4.39m 0.22s
ML2 AllBut10% 11.9s 2.36 h 22.4h 4.22s 10.3m 1.65h 1.20h 4.33s
AllBut20% 15.0s 3.82h 40.4h 4.11s 12.8m 1.67h 4.00 h 4.22s
EM AllBut10% 41.3s 12.2h 220 h 13.9s 3.98h 5.35h 3.54h 14.1s
AllBut20% 50.6 s 21.5h * 13.8s 4.71h 5.48h 3.18h 14.2s
(byOoooo
ooo kNNs SF MULTI MIXMULTI AM URP BASE LINE
ML1 AllBut10% 0.44s 15.8s 1.01m 0.18s 17.0s - 11.3m 0.22s
AllBut20% 0.56s 31.3s 1.95m 0.18s 17.7s - 10.2m 0.11s
ML2 AllBut10% 8.44s 11.1m 4.57Th 3.78s 11.4m - 1.48h 4.08s
AllBut20% 9.11s 18.9m 7.42h 3.89s 15.1m - 1.66 h 3.96s
EM AllBut10% 29.7s 1.21h 59.9h 12.8s 4.73h - 5.13h 13.8s
AllBut20% 31.8s 1.62h 145h 12.8s 4.20h - 4.20h 13.4s
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04 D0O00O0D0OO0OO0DOOOOOOOOO computational complexityd
Table 4 The computational complexity to predict all target ratings.
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Table 5 The space complexity to predict all target ratings.
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