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Abstract  With the growing popularity of the Internet and smart mobile devices, people’s online
time is rising. In order to improve office efficiency and consumption experience, the company
provides a variety of products and services to meet the different needs of users, but it is also more
difficult for users to quickly make satisfactory decisions from a large amount of information. Due
to it can help different users to find out the items they are interested in through their historical
behavior, the recommender system has become an extremely important part of online activities,
such as online shopping, reading articles, and watching movies. To provide a personalized recom-
mendation service, how to accurately predict the user’s rating of the item is a key issue that the
recommender system needs to solve. Based on rating matrix, one of the most outstanding methods is
matrix factorization, which has been widely studied and applied to model user preferences and
item characteristics through rating data. However, the performance of these methods is severely
restricted by the data sparsity problem, which can be seen as a phenomenon of the shortage of
trainable data. To overcome this limitation, the recommendation models based on the review text
can capture the user preferences and item features from the text data, effectively alleviating the
sparsity of the rating data, but they ignore the latent factors of users and items in the rating

matrix. With the comprehensive consideration of the above models and to further improve the
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recommendation quality, the model of combining rating matrix and review text has been proposed
one after another. However, they are only limited to the linear latent feature level, in which the
high-level abstract features of users and items fail to be fully explored. Therefore, this paper
proposes deep learning model DeepCLEFM (Deep Collaborative Latent Factor Model). First, the
pre-trained BERT is used as the encoder of review text, which is a general-purpose “language
understanding” model trained on a large text corpus like Wikipedia. Second, with the purpose of
considering the latent relationship between different reviews in a review set, DeepCLFM extracts
deep nonlinear feature vectors of users and items from review embeddings through a bidirectional
GRU. Additionally, DeepCLFM introduces attention mechanism to measure the contribution of
each review, and adopts matrix factorization module to learn latent factors according to the IDs of
users and items. Finally, to fully integrate deep nonlinear features and latent factors, DeepCLFM
generates deep interaction of them in the first and second order fashion to predict the user’s rating
of the item. Experiments are conducted on five public datasets called Amazon Product Review, in
which each sample contains user ID, item ID, user’s rating on the item (1~5 points), and user’
s review text on the item. The mean square error (MSE) of the recommendation results is used
as the evaluation metric. The results show that the prediction error of DeepCLFM is lower than
that of many excellent benchmark algorithms, and the prediction error is reduced by a maximum
of 6.402%. Moreover, DeepCLFM achieves a better performance than traditional matrix factori-
zation in the “cold start” scenario.

Keywords recommender systems; review text; rating matrix; neural network; cold start
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(2) B sfiE

TE T 43 HL FM(Factorization Machines)t”

143,:?5'\@‘12 D ooy i, AT LLEEAL 3 (132) 3K
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B AT as B 52 2= B L T HL Ry 1 O SR B AR SOk S
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2 EI sV xx;
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? Z vax Z(fo )?) (13a)
f=1 i
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i=1 i=1
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i=1 i=1
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i=1

Hop multiplyO fl sumOs & W 3. 1 1A% 1.
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(5 A GE B AE o 55 40— kY ) i vox, 53R 5A
v, € RY) S8R5 V15 JEUER AIE 1] b v 4 35 T 4 45
fIE 22 8] 9 58 .. Wy % S8 A8 DeepCLEM 4 ¥
FUR W R EEAE TEXT U fl LEM U $f % 5% — 4> 17
itz =TEXT UDLFM U, 8k J5 1§ % [N+ 73 % WL ok
THEH P B R IUERE U Second :
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=1 =1
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RS LR A F R 2 80 ) BT DLAS B
I Second€ R" .
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CoNN & FH P U IR i 13 IR RRAE 1] 5 B 422 B
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1) Z B 38 HoR WUNAE 43, BT DeepCoNN A fii ]
TR s, P B & U FRg s ke m i 12 [
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PRI 32 AT RE AR G 3t £ 45 FH P R R o 7 AR 3 B (B
& DeepCLEM b 1 J& [7] ] 35 A [] 05 A1 3 [] 95 %5
FERE SR U Sk B+ TEXT U f1LFM U.I kK H
F TEXT I il LEM _ L. ¥£ 1 %P 5 R A SCA N
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FRALE ] B2 75 3] .
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(16)
Forb B W ot 42 i 2 )2 AU 2880, 1 2 2 )R D
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E A 1, 6) AT LLd i pndEry LEMOILE(8)).
MR w KA QR JE S 00 W b, .U #H
03X Y predict AUHEE 4 )Ry A7 o0 75 b i 17 0.7+
Ry 7 [A 3D . IR IERT (UL 4. 4 49D i 42 0% 42
JZ1G W) Y - predict BEWE FE 53 F) FHPE1E F10FE 73 B Hs
MR 2 e 7 IR B A L OF HRB X U R - 58
O3 77 S HL S b R AR T P 43 1) 5% 2% L X R
PR SUA A8 00 B8 T 1Y 27 ~) J7 2L BB A RO R
PR S0 R B 1L LIRS0 50 R L 5. 3 5.
3.3 ®EET
S 3 g PP AR R AT V4 T
S [0 51 o) 8, 5 FH ) L s R 50A T D 8 e R
L= > (Ffu —ru)’ (17
u i€

Horp Q R INGE R RIREA 7 S P w X5 R i 4
(8 FIUIPF 53 o 2 U R4 v 1 FLSEPE 45

h 7 E/MEE BR R EG FATTR - Adam ( Adaptive
Moment Estimation) " {§ Jy {4k 25 #4700 k. H 3=

FARBIEREB R Zrad B2 b A O A M 2
AT LA 25 N Lk #8220 SR 20 B8 L (15 LAY RE 6%
TR A AL

3.4 EREZRE

1 F DeepCLFM = % iy SCAR Ab B B 46 [ 43
FEAEH R 2 B 2 R R AR /N R A = S
HEATRUR.

RBEE R LA n AP 0 AT A BT Y
FalhFA N ko X TR Cuadyrsw, ) s FIF
w FIT &t 2 X501 one-hot 4if 43 5 2 oh, € R™ il
oh € R JH PSR ) i 1) i FRSEBR R oh, 5 R
SHRERE Wien v € R™AHS, LT B AT 0k KB
S AR B R 2 M 4 N Ok (n, +
7)) s I [ 24 BE Ry OCk(n, +-n,)).

FESCARRDBRBEE , F P w PEIR4E OB IR d.
Zo R PR EGTFIR R ZME 4.5 &3 BERT
WSS B S TEIE W Bt R ¢ 4E Y Al 55K, Net, 5
BEE R GRU BT EE N2 EEEN
B H —A4~ GRU It 2408 0GB (c+1+D D,
FENENSE R 0L+, 2 EHE NS E N
O2[+1) ,H It Net, 2B E 24 B HO6(c+1+1)
[+20t+t+20+1) (5 Net, ZE A F) » Nez, i i} ]
SEIRIE R O, (6(c+D D +20d+2lk) R ¥ d,
B nl d T LAAS B Net, i ) 52 24

X TRl A R S8 A A i
BLFNPE 23 T 149 42 3% 45 2 5 8000 4 1, T 7 43 i AL
(23 [ 58 28 Bl O2(2k X k') s B 2 1 25 () &
FePER OCR+E +n, +n,+ 1), BlE 2 0 18] & 44 B
F2 Bl B A8 Az AN DY S T 4 i 2 A A
OC2kk +E+E).
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O E I 4 (e fu & K29 160 71 453Fi8) . 1 Instant
Video J& e/ i £ 28 (e 5 37000 Z53FiR).
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DM 5541 3568 64706 99. 67
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TR A BRI REAR SO 589916,
- 251 T BORIR i B i D 111133 A 25832, A
B AT T R B A A R 2 R AR SR 5
TEASE 7R P BE .
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AT 3K 3 9 R AR T R A B R R AR —
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VA O L 40 0K 58 W0 5 42 4 A
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4 VIR SCAR B0 K 2 6 AR B DR B 4 7
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REARAT. 4556 — PP w XFRG & 0 0 B0 43 7
BV v ) MSE 1958 XN -
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4.2 FLEiRE
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VR I IEA SCHR Y DeepCLEM S 15 BB % 3 12 fill
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HFT . DTMF J& [R] i fiff FH 73 43 46 B FPE 18 SCA )
N B, 2 ok — A BRI SO
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(1) NMF L SR 605 B o3 fif A58 70, JHC i A (LAY
FHEN T4 B

(2) LFM™ | Bai8 Y A% % (Latent Factor Model) ,
3 2o B 43 i (SVD) X SR F1 RS s S0 3% 43 02 B 48
B PR L 03 ik R

(3) SVD++"0 3 F LFM Y ok ok 8 vk 15
SVD iy a5l AR 15t 6 TP 4 D s B8
e — 20 4 e 5 R T ORG 2

(4 HF T, 85408 70 00 51718 SO e 4 4
RS RL. HORE P PRI 4R SR A PR AR S oA
FE VTR Y 320 R I O3 i b i B D 1 R AT Rl
AR SRR A 42 45 5 18 R PP SR A Dy A 23 T
FH P Ve SRR A DR I A S 36 v 3k 88 o P I
PR EEAE A a2 AR HET (Gitem).

(5) DTMF'™ . 3tF HFT {55, 766 o7
T RS R A B TR AR A G i SRR b RE AR TR
IF A PP P18 B R i E TR AR AR D RSB Y A

(6) DeepCoNN™ . P i Hip [v] i1 25 I 265 452 78 (Deep
Cooperative Neural Networks) 25 MR 454 H -
PRI o P10 4 A TR 2 AR, R BE (LB

(7) NARRE"!. % B 7E DeepCoNN [y £ fi
LG AT L R A T B PEie. B TR
B BB P16 B 0T 23 40 B B0H A7 302 & P
A3 T PR RE AT B — B

(8) DeepCLFM. Z& W #2 H 98 DeepCLFM,
RE A% [] i) 1) FH BF 0 S B R0 PF 16 SCA S T H 3 o @l &
— B RRAE Y 5 2R AR P R A B R AR
S ETFEREHE— 2D 5 Tt
4.3 XIGHMT

FRATTBE B S 50 500 £ 4] 43 R U R 4R (80 00D
K E4E (10 %6) (IR4E (10 %0) L FE IR IESE F b fTHE 3
Bk B, e 2l I A R AT MERE AT AL, S Ah i T

Movies_and_TV 33 K, FATBEHL L B — B vt 17 £
RS2 56 BP9 .

A X Eb B AR A 38 SCHEAT S 80w 1R
b o B8R i 5K B B A M BB X TR B O R O TR
NMF . LEM SVD+ +, A1 i A% 7 & 35 M (8,
16,32,64 ) T4 me i B A 5~ %, A {0. 001,0. 01,
0. 1,1. 0} F- 0 5 A 0 1E 04k 3= . AR 4% Sk (17 1)
R T R SRR Y HFT.DTMF 2% &85 K
ARG K B30k i R B R 2 T R o HL R U A 25
R B TR AT 2 B Sk AN 5 K Ry 5.

XTFIREE % 2B DeepCoNN,NARRE, Deep-
CLFM., HilB 2 R £ A0 A [A] i B 4 o fE ¢
BB X 1 2 BB N TR B AT HEAT T S8R WUE
YA SIS GRE DL 4.5 9. R A SCSER Y B R K
fe 1y TEXT U . TEXT I .LFM_U I LFM _I )4t
BE BT 4E BEES Ry k. AE S5 5 ik B, DeepCoNN
1l NARRE fifi i glove T iIl 25 19 300 4 i) ] & ;
DeepCLFM {# Fi BERT 9 i Il 25 #4 % p A4S K
uncased_1-12_ H-768_ A-12. 40 R ¥ A 4 7 5L B,
CNN 4 1 % % K/ 304 %0k 500 Horp
DeepCLFM [ GRU [&JK BT 8 [ Sl 200, 1 & 14
H )i a LR ¢ Oy 400, A F 23 R WL S50 o i 4
E 6. R R T SE 5 A P, A0S i NARRE
(10 S 56 15 (A5 5 A P I8 42 1 SCAR IR K
B 90 Y0 i FH P CRIHE B A4S B P 6 B 1 SCAR K BE
ANBINKHER X I 90 %6 43 57 5 B FH P PR I8 SCA K i
0 24 B 46 10 P PRI 4 SCAR BRI B . R b
PSSR B SOR B JE R . B4 P it E R Z 0
10 K. ARSI ER ST 20 KR,
4.4 MR

ASCHE Y DeepCLEM F1 L At X) b A5 78 (14 3F 43
2SN 6 Fis o b SEgn g REATA W N5,

x6 FHRWM
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1y 1. 254 0.902 0. 894 0.926 0. 859 0. 833 0. 818 0. 804 6.402 3.362 1. 656
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FEIH A, X 5 FRAT Y B AR AR L PR 5 R T LA

BAER VB 1 A 78 B RE A5 4 R R R 1 3R Gk
JoT i

(2) 7 [R) A 25 FEPF I8 SCAS [ B 780 oy, TR
i (DeepCoNN, NARRE . DeepCLFM) [ 4
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RE &



894 it "

Hl

Y,
&

i 2020 4F

AL G (HET .DTMF) 5 4. FATIA 24 v iy
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Ji 4SS 1) 7 R

(3 WK 6 Fron, A 42 1 J5 % DeepCLEM
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O F 70 5% 22 4t DTMFE Fl DeepCoNN 45 J31 45
FT 6. 402% A1 3. 362 %. 1 H. f5 F B2 A AR
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S, CNN 251 AN B A RO A IF 10 4 o i K BE 25 4
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JO7 X A 1] 1] S A ] B, 45 A 0L GRU 4 442k
PV A & RTF IR HEAT (5 BOMESE. LI R W,
DeepCLFM 4% Tt NARRE B )i 4 1 fiE.
4.5 SHRHEDW

TEA /NS FRATT R 7R AN [6) 2 B50A [R) A5 5L 7E 55 i
R EMFRI. BT REA B FRATA R R T A 2L
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BT SCHE IR R B R s e X
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HFT Fl DTMF X F A [ 32 805500 1 g 22 fb A K
H NMF RIUREE , KT 30O LEM, SVD++,
DeepCoNN, NARRE, DeepCLFM 17 5C 8. 4N
Kl 3 TR s AR SCHR ) DeepCLEM BE[R] I 45 5 1F 53
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TEA ] B B A 50 #4900 & R 50 B E
P78y b 4 B O3 i B8 LFM FI SVD+ +
iR ZEZ L BT AT X &t T2 80t 2 m &
WAL, X BIEATT IR E58 . B E S5
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R T 5 th B L T
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et PR S5 %o 5 TR P i ) 5 i)

K 3
N T W5 kS A AR TR A 2 oR] LU 5 drop-
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BEAYYE Instant Video | AR A AT E , X 2
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AR BRI T AR SO SR R 5 S AL B
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(1) Word-CNN. {i F B Il Z5 1) 1) 1) & I 45 &
CNN i i Fie 4 B FEAE il H.

(2) Word-GRU. {ifi F i Il 5 i) sl 1] 5t I 45 &
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Background

Predicting a user’s rating of an item is a key issue for
the recommender system to provide a personalized recommen-
dation service. In the past, the matrix factorization algorithm
based on rating matrix has superior performance, but it is
limited by the sparsity of rating data. Then, the recommen-
dation algorithm based on the review text alleviates the impact of
sparsity of rating matrix through the text data, and further
improves the accuracy of the personalized recommendation.
However, most of the current reviews-based algorithms fail
to fully integrate with the rating matrix, and are limited to
the latent linear feature level, which can not to further
exploit the more abstract nonlinear features.

In this paper, inspired by previous researches, we propose
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review text and rating matrix data. This model can capture
the nonlinear features of users and items through first and
second order features to further reduce the rating prediction
error. The experimental results on five public large datasets
show that DeepCLFM has lower error prediction than current
methods, and is more able to cope with problems such as
online learning and cold start.
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