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Abstract Group recommendation has recently received great attention in the academic sector due to its
significant utility in real applications. However, the available group recommendation methods mainly
aggregate individual recommendation results or personal preferences directly based on an analysis of
rating matrix. The relationship among users, groups, and services has not been taken into
comprehensive consideration during group recommendation, which will interfere with the accuracy of
recommendation results. Inspired by latent factor model and state space model, we propose a latent
group recommendation (LGR) based on dynamic probabilistic matrix factorization model integrated
with convolutional neural network (DPMFM-CNN), which comprehensively investigates rating
matrix, service description documents and time factor and makes a joint analysis of the relationship
among those three entities. The proposed LGR method firstly obtains a prior distribution for service
latent factor model with the employment of text representation method based on convolutional neural
network (CNN). Secondly, it integrates state space model with probabilistic matrix factorization
model and draws user latent vector together with service latent vector. Thirdly, latent groups are
detected through the use of multiple clustering algorithms on user latent vectors. Finally, group latent
vectors are aggregated with average strategy and group rating can be generated. In addition,
simulation on Moviel.ens is performed and comparison results demonstrate that LGR has better

performance in efficiency and accuracy for group recommendation.

Key words  convolutional neural network; probabilistic matrix factorization; state space model;

clustering algorithms; group recommendation
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Fig. 3 Structure of latent group recommendation
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B WAEARLE B P 86 1 3R 28 05 vk ok i IV AE
HEAL.

2.2.2 PR fnsFRLS

3 B ) A PRI AR TR T RO

HZ S5 —> B AR R R R 2 N B A G

A A T A i . 490 R W A Ay e RO 5
IRBE R 7 A T 4 O G A RS R 0 Rl SR FRATTHE R
JH 8 1 5 W AT RE LR I (g, ) )%
I
g = ”]:\;gj . (20)

H P B E R a,, =yu, 0 —pu,, .
yel[0.1],c, WP TR BEA G . N, I A
BRI R B RFHECE N, B 7 DR
FEIAEL.
2.2.3  BEALVES W0

TEARAT P W RELE VA T8 5 o B B 2 0 O 4 ) it
55 M 55 R AE ) St AT PR AR B B AR IR 55 1 T 43
AR TAL G AR PV (3G 3k B A 23T 40
(400 S B A v B AT N AEARLYE P B M s 7 5
JIR 55 A 1] S 0065 B 285 SR A P R R g5 i G
Warh

Fia<glv, 21
Hrbog, WP i IREREA AR AF 10 B i =1,2, -,
ij:1’29'°' 7M.

3 XwESMH

N T EE LGR B A R v 5 e v F AT ok
SRS TG 1) S G U A L R SR N S G 5 R O X
HEAT 1At
1 KGAEE

A X EOEE SR A S BRI E XL
TS M BRI 3 A i HEATALA.

3.1.1 Fih%

N T LA IRATAR 09 3 T LGR (W BE AL
A RO S TR M FRATTBE T A T Y S
£E MovieLensI M fE g 5 56 ¥ 95 48 » b0 B4 4 £ %2
4G 1 2 R0 M SR 45 .. T MovieLens1M
BRI A AL 58 FL S 0 3 SCRY L Bk, FRATTCRS X
MovieLens1M 4 48 1 M52 4 iR (5 B AT #b 72
F 45 MovieLensIM Hr&3#6 HL 5% 44 3] IMDB 1 (1) 3K
B OCHRAR B, I K 15 3 H 52 19 45 4 O il 52 00 46
SO,

el CTRM e X B4 A4 i 40 B8 T4, 404 T
AbFE BB BRANT - 1) JeBR B AT 38 SCRY 1 LR il
K3 2) KBRIEARED T 3 WA P 5 B3 I E i
KA SCRS K B Ry 3005 4) 118 AR AN iR B9 tf-idf,

n =

~
.

w
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LB AF i i) Cef-idf 4540 KT 0. 5) 5 5) 398 B 4y i)
ti-idf 34311 8 000 A~ B i) 15 S 1) 35 5 6 i i 5C
P ARTERNE R b i R B BR. S48 MovieLens1M
BOHE AR 1) — LE 0 SRR B L (H T B X i b B ds 4R
V14 5 7 A B R

Tiab#E 5 B MovieLens1 M %4 48 (%) 58 42 it
FREME 1 iR,

Table 1 Data Statistics of the MovieL.ens1M Data Set

After Preprocessing

£ 1 TLIEFH MovieLensIM HIEEHHIBERKITER

Field Value

# users 6040

£ movies 3544
# ratings 993482
Z timestamps 993482
Density/ % 4.6412

3.1.2 SEEFREE S HAKRE

S 2 CPU iy Intel B % 17 6700HQ 4b
H£s, GPU & Nvidia GTX960M il 57 & £, N 7%
8GB, &4t & Ubuntu 16. 04 LTS,

7 523 DPMEM-CNN., #A1  # /] python
N H — Fp R 2% 3 HE 2R keras 5 Bl 2 i B JE
numpy., scipy 3£ #. LGR ) B 5 ¥ % A python
Bl 2 P sklearn H ) IRk,

N T 53 BT I )AL X P e G A R 1) 5, R
TR £ 48 46 B0 & % Movielens1M %5 4fg 4E Hif
80 240 (B 43 91 42 >F 4F Sy bk 8] 7 10 43 B AR S Il
B K B a 20 0 BN A S a4

N TN CNN S5 W, ATl 1 5L T mini-
batch ) RMSprop J5 ¥, 31 B {#i & — > mini-batch
FALFE 128 Z%d. T LR M Al 1 i D IR 554 A SC
P KA BE 3 0 3005 2) B — A~ 1] ] & A9 4k & 1%
R 200, I HORH glove ™ Il 25 45 J AT Ay i) 1) 5
MR R A A A 5 3) B8 3 2 AN W] B BE A 5 R 1 (5
JEOr 00 3.4 1 5) 5 4) B — b 5 BE 10 & B 1
FRUZ BRI E S 10055) 2t 22 Rk S 3 1 i 3K
W& Dropout..=0. 2.

IR P S 2 i A A U, 2 i B A A
U 51 45 F5 A0 VL 3R AT 66 1 SGD™ Jr i ok 4k
4, BRI E N 1) & B MovieLensIM 46 4 1l
R Ap = 100,24y = 105 2) W B W EFFIE4EE K =

50;3) B SGD 2= 2] & 5=0.01;4) B & i KEAR
UWHCR 20035) 1% B A VFiR 25 PR OB I(E Cogre =5.
3.1.3 XTIk I bn

FeATH 72 AL S B MovieLensIM %di 4E |
5 2 A HEHETT AT R T

1) Predict&.Cluster® 77 ¥ il 14 1% %5 1 B 5] 3o
U8 7 R TN ] P 43 R R 04 B SR 0T, % S50 R 4
Jo W PE4 50 % Al K-means 5 3 UE4T B 2815 2%
TEREL  IT R HELE P BT A FH 3 43 R T 350 4 5 s
G B XS I H W4

2) PLGM"™ Jy ¥ 3 23 ¥ 76 P 1 B A0 3k BUH
W = o % P B i 4R ) K-means J5 35 £ 47
BB BIEAERELH  IF N B 4L B A7 P i 42k
A7 {1 9 s 5 Ry R 2L O - e 263 5 T A P A A
T A 2 X 3 H 4

FeA13E B T ¥ 5 R 1% 22 (root mean squared
error. RMSE) 3 Xf #f 21 # 17 25 2R 0945 1 P 28 47 40
Br. HEERF AR = T RIBIEA N

N
. 1 L
RMSE = N;<r,,_,—r,j,,>—, (22)

Horprry R MBI BUR & h TP @ TR ¢ I Bt ik
55 7 BRIy .rg P BT R RE AR AR ¢ B Zs Y
MR 55 7 WU PE ) N AR SR Dl 42 0 P 2 B il
HE SCATL $8 B RMSE /0N, D) i 35030 ) 4 %7 2%
IR v A
3.2 ZXWRERESW

ARATRE N 2 A5 1 SR A5 R AT A
FEAEXT Lb 52 50 45 b 43 B 2 T DPMFM-CNN 1)
LGR RV 58 2800 5 SRS 23 B A A vh 52 i HE 75
TR R E S
3.2.1  Kiw kS A Sk o

HeA LGR 5 A Bk 0 R 2K I E7EH
Pl A 28 y=0. 6, IE M 4L R %L 2p =100 5
Av =10 W TEFHIE 4E 50 K =50, 3 ) S 4 4k K, =
200 i f fil 45 R WA Y (H R M RE AR N, =1,
20,50,200,500,6 040 fif /s i) RMSE {&. LGR [
HE2H A 2 AL RMSE BN 2 Fis.

WL e g Rk, K-means ++ 3B 78 LGR
W 25 b PR 2 A M B o — L3,
I FRATT A E BB AE S LGR i 7 B 20 & AR
B I 5 B ME DT AT X L.
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Table 2 RMSE of LGR in Different Group Size
#2 LGRENREBHAHEN RMSE H
N,
Clustering Method
1 20 50 200 500 6040
K-means 0.984 54 0.94029 0.92457 0.90563 0.89165 0. 85230
K-means—+-+ 0.984 54 0.93392 0.92102 0.904 88 0. 88889 0. 852 30
Birch 0.984 54 0.94815 0.93504 0.91081 0.89226 0. 85230
AffinityPropagation 0.98454 0. 889 00(N,=165) 0. 85230
Predict&-Cluster,PLGM L) & LGR 7E Movielens1M
% . o St L 2 0.99 |
Bl % i RMSE B 5 N, 28 RO X
K 4 FrR . 0-97r
0.95
1. 00
! —— LGR-kmeans++ Ky 0.93
0.98 i e PLGM g
0.96 1 ™\ Predict & Cluster 0.91 \/
0.94 i : 0.89 | |
0.92
= 3 0.87 |
g 0.90
r 0.85 . . . . . . . . .
Q388 0.0 0.2 0.4 0.6 0.8 1.0
0.86 e
0.84
0.82 [ Fig. 5 RMSE in different y
0.80- L 1 1 1 & 5 A y F# RMSE
1 20 50 200 500 6 040

Ny
Fig. 4 RMSE in three methods (K=50, Average Strategy)
&l 4 K=50 i 3 FhJy ik {4 5K 0 1) RMSE

MIE 4 Hal L& B LGR AN AUAE A A 1 5
TR HE M 0 W B 8 T Predict Cluster 5
PLGM,fEREAMEE T = T WA — @ L. M xF
F Predict& Cluster, LGR B985 BE B A & 8 R AL 3,
X R Predict® Cluster 4 (1 )& A~ 1k 47 45
S 30 S TN ) A A R A R AR e A A A R
. 7E 5 AR il A A R B R () PLGM X LY
AR YRR B H N, <50 i, LGR B4 B DL
55 1) 4 g b T PLGM . AH SRR B L ARR A 7E &
— & YL
3.2.2 SEWMHERE T MERE N EESEUMT

HRAE 3. 2.1 152 R IEX LGR 1y kg R M
AR FE e IBCRE L A4 N, =500, FF7E b iR 52 i
filt BT P b A& REC v EWAE RS W 5
Av T TE SRR 4 % KA ] = 4 %5009 28 fb X RMSE
{EL B 52 1) o 7F SR 78— 1> 52 M [R 3R 19 28 Ak i St oAt
SH O R ERE.

D HP I la 2580y WE y=0,0.1,0. 2,
1, g HAR A RMSE (S /52 m an &l 5 firs

2) IEWAL BB v SAv. IKET Ay=1,10,100,
1000,y =1,10,100,1000, W5 H A8k %} RMSE {f
(S a1 6 IR

1.25
1.4 A 1.20
Ly ' 1.15

%3 1. 10
L0 1.05
0.8 1. 00

1000 - o X
i 10 100 0. 90

11 Av

Fig. 6 RMSE in different Ay and Ay
K6 AW A 5y TR RMSE

3) WTERRF 4% K. %% K=10,20,50,100,
WL EE H AR X RMSE {H 1 52 M 4n 18 7 7.

4) i E4ER K, % E K,=100,200,300, W
LA AT RMSE {8 152 0 Qi 151 8 7.

Wt g A5 R ] LUL I W TE R IE4E R K 5 A]
m YRR K, 78 338 —E W BUE LS X RMSE {H
JU-F A 52w P A o 0065 2R 8L v BB AE 0.5~
0.7 By RMSE A S /ME . IEW AL R A 5 Ay 5390
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