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Abstract
process in purchasing an automobile, and proposes an automobile recommendation model named SCTCMAR (social and

This paper mainly studies the influence of social environment and comment text on the user decision making

comment text CNN model based automobile recommendation). First, SCTCMAR defines a social circle of users in terms
of user’s purpose in choosing an automobile; on this basis, a method to calculate personal preference is put forward. and
preference similarity is put forward. Second, a convolution neural network model is designed to learn the hidden features
from the automobile comment texts. Afterwards, both the social circle and comment text features are integrated into
the recommendation model, and low-rank matrix decomposition technology is used to solve the problem. In addition,
by applying the GloVe pre-training word embedded model to SCTCMAR, an improved version, SCTCMAR+ is further
proposed. Finally, a performance of comparison SCTCMAR+, SCTCMAR with FMM (flexible mixture model), TR (trust
rank), and Random sampling is performed on a real dataset with 266 995 users and 702 automobiles. Experimental results
show that SCTCMAR+ and SCTCMAR models outperform other counterparts in precision, recall and ARHR (average

reciprocal hit rank).
Key words Automobile recommendation, convolution neural network (CNN), social circle, matrix factorization
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4.2 TENIEIREFR

FEXHAZE A ERE, B = A5 T AT I
M 1) REMERES R PR EIEW LW LGl 2) 18
P =R ) AP B LA 3) 3R
ZEMERES TP P I A SRR HEA . W e R
kG (Precision) FlIf 12K (Recall).

TSRS SURE Ty Ab, S i B O T i Precision = Nli = (25)
AR 00 g A VA Bt 1) PR 40T o i A R TR B IR H
_E IR IR, 0 2 R, Recall = — (26)
F 2 BRSEAEEIIR
Table 2 The list of datasets

2 SRR/ W ik g

KEZF http://www.autohome.com.cn YA R PR R £

LR http://auto.163.com PR B P O A B A

R http:/ /www.sogou.com/labs/ LRy GRS

REZH http://www.autohome.com.cn BRI

W 5154 http://auto.163.com R R

R http://auto.qq.com/ BRI AR

PRI http://auto.sina.com.cn/ TR

Kol http://www.datatang.com/ KA 7

iy AET L PNGS e

1GloVe, available: https://nlp.stanford.edu/projects/glove, 2017

2ICTCLAS, available: http://ictclas.nlpir.org, June 10, 2017
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Hp, T A P8, N R8RS P HERER S
YIRKIE, H {5200 R EWERE R PR EN
H %5

TR X — R T i, 38R P B)7 HE#
(Average reciprocal hit rank, ARHR)2! X #E 4k
7 HER BEFEAT IR, HEP HERR BEVEAL Fe A Ay = 0 2
R A RS R R 5 R P S R
FHACLEE, P E)FHEA M R i R S H P i
ORI, P e 4 W S 1 T o A HE AR 2 2R R A HE A
B, AR RGO . FEHEEES R, HE
JPALE i PIEIHEERCRE S BN 1 ps, SRIEHAT
B, BRERCFEES R P EFHEAE. BARa
T

1L 1
ARHR = ?ZE (27)

4.3 SHMEEFEEELRNITE

AT EAERE R G HEE AR SCTCMAR . 1y
AR, W HA REEN AR LS SCTCMAR
PEAT LB, BI A S I 0] LU 1) DU AP R T

1) FMM (Flexible mixture model). fj Si 222
PR RIGIRABAL FMM 385 - #m H (6
SR ASTE—E, R VRl ek 7 R BLA 1 43
X/ AT, A MEE B P A E 2 Y JE T
BAANERE. S, # AR 2R, R
VARG DA SE i 75 3K 43 AT SR 26, S8 T FMM
BB e 25 BN P VR ZEHERAT 55

2) TR (Trust rank). Hj Zou 4123 $2 1 iy 45k,
R AT T R 45 1T B AT N 45 R AL B
¥ I B0 [ 5 1 2R ety R BRI ) P A A R0 2%
A PR 48 E B OSSR R RPN, E25E

it B HAPEAGH) PageRank 5%, §7f@ T 45 & H F
IR A, RRHAELA S SR i N A . TESE
Borp, AR IZAAL G AR, MRE AN A G P
P RCAAE AT M 45, I AP T %R Bk

3) RS (Random sampling). MEANIELEA(EE
LT BENIAMEL N VR4 ) H PR, A5 A5
(R LS5

4) SCTCMARA. A< SCHE H RSV 1) 55 b
— AR, ZTVEMH T GloVe il 4kl AR

A IR B 2 3 - A M T e g £ 24 A
fifi /il Python 1 Keras® JF 3k sl e Al SCTC-
MAR. R U725 ) ZEIR0E AT PSS 46 o TR B 2 ST A
AU OB T, el R A I Rt )20 ok T
CNN WALEE, A /MitE ) RMSprop (H )
VT2 S R AR B 24 S AL T ¥5), A/t E A
15 128 MG H. 2T CNN 284y, A ff
M PATBEE: 1) SRRk KB E A 3000. 2)
SCTCMAR: BlEHLPI LA 4E B/ K 50 11 1] T8 7
fE. SCTCMAR+: i R~FRK/INh 50 B2
T i AASEZYAT) G Ak T P A ) . PO O A ) AR
R e F Ik 3) B2, A& Fh
T 1 K/NR 3, 4 15, I FLAE A1 1R/ 100
AETACE. 4) 08S CNN BREM ) L2 1
Mifkgs, £ dropout 1% & dropout 4 0.2 PA
Bij Ik CNN fo FESU A A SCHe BRSO o8 00 A 21 R
FMM S i) P AR ZE R4y i 10 F0 20,
¥ TR BEMEALSEA % BRI

TESLIGT A, et e N BUE A 5, 10, 15, 20
FITE L T IAREIR A R, % 3. R4 A 4 245
VARSI AN R LA, PAK SCTCMARA+-
FEXT T Ho At R T 1 43 LU SRR 45 AR

3. F 4 K 4 FWH, SCTCMAR T H

3 AR IR S I AR R LAY LU SR T A3 L

Table 3 Precision comparison and improvement between our algorithm and other algorithms

%73 N =5 N =10 N =15 N =20

0.076 0.065 0.053 0.042

FMM

46.10 % 45.38 % 45.92% 44.00 %

TR 0.083 0.072 0.059 0.048
41.13% 39.50 % 39.80 % 36.00 %

RS 0.001 0.001 0.001 0.001
99.29 % 99.16 % 98.98 % 98.67 %

0.118 0.101 0.084 0.065

SCTCMAR

16.31 % 15.13% 14.29% 13.33%

SCTCMAR+ 0.141 0.119 0.098 0.075

3F.Chollet.Keras. http://github.com/fchollet/keras, 2017
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Table 4 Recall comparison and improvement between our algorithm and other algorithms

Bk N=5 N =10 N =15 N =20
0.311 0.425 0.604 0.672
FMM
43.04% 35.80 % 29.52 % 26.56 %
TR 0.405 0.501 0.705 0.783
25.82 % 24.32 % 17.74% 14.43 %
RS 0.010 0.016 0.023 0.032
98.17% 97.58 % 97.32% 96.50 %
0.472 0.593 0.798 0.864
SCTCMAR
13.55 % 10.42 % 6.88 % 5.57%
SCTCMAR+ 0.546 0.662 0.857 0.915
0.15 1 .
B RS B ks
[ 1FMM 0.9 |C3OFMm
TR T
B SCTCMAR 0.8 [ | SCTCMAR
[ SCTCMAR + I SCTCMAR
ol 0.7
) 0.61
e B
= 95
£ s
04r
0.051 03
021
0.1
0
5 10 15 20 5 10 15 20
HERFIRRKHE N HERFIRRKEN
() SRR IR {b) & FLVE T Rl 2 1 L

(a) Comparison of precision of each algorithm

(b) Comparison of recall of each algorithm

Bl 4 AERTHRANA ol R EASCRR AR5 A SR X L

Fig 4 Precision and recall comparisons between our algorithm and other algorithms

My EAERE B R A A [0 22 R A, #F— 2 IRk
TR TIREXARIR R M A S it
SR A A2 A 1R, Bl LA USRS L LAt A AN 55
EEMRAR 2. BAORUL, TERSR R T, MIE 4 (a)
A PAE H, SCTCMAR JRZEMEFRIAY I FMM Al
TR #EFFVAVERE LT, AT FMM £ N = 5 i}
PFT 46.1 %, 1MAHXTT TR £ N = 10 BHES T
41.1%; HIEEJ T, WE 4 (b) "ABH, Y4 N =5
B}, SCTCMAR 3i5%] 54.6 %, #H%F T FMM FF-T
43%, TR FF+7T 25.8%. ME 4 WJPABH, N {Hik
K, SAFER MRS IR B W N %, W%
PR B 2, BRA R AR O, A
WR P SRR, B N ISR, A EFE
BW LT, N RSO, AT R s 40 KR
MR K.

H2, MR 3 A 4 W A%, IR —BiH
PR KL, AR SO AN ARR R ER AR, E202
FHRE B 3 14 8 ORIk AR 2 Tt ) e T S
MOREH R 8 SCRF, B RMERS R P P EIE
WA SERIRAE HE ). XA, M@ sl ~ A&
e 9 — 14, BT 7 LU 2oliad 1/

N TN R GUHERAHE VU AT HOAE A TEA, AR SC
R T ) PHES ARHRPY X —iF bz, 1
B A (BB, R P IR I 3K AR R A AR
PPN IR B BT, XTI G T R HERE
BORBARL. SIS 5 MIE 5 k.

MBS DA i, 4558 L REALA IR -3
P HES . AEP K PR SO i Top-N HE#E
55, SCTCMAR #LT FMM #1 TR 8347
PP HEA LA RO E R . 2R, N
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{EBCR, SRR (B HEA m, e 1g g
H T A DU PPN PR X TR 4 R A A
Rk, Wt — 2 U IR AL S I 2 S PRI SO R AL Rl
BRI B A R

5 BEEEPHE A BT
Table 5 ARHR comparison between our algorithm and

other algorithms

Bk N=5 N =10 N =15 N =20
FMM 0.082 0.106 0.122 0.131
TR 0.119 0.137 0.148 0.154
RS 0.002 0.003 0.005 0.006
SCTCMAR 0.171 0.182 0.201 0.210
SCTCMAR+ 0.196 0.218 0.233 0.241
0.3 T
RS
[CIFrMM
025 [EHTR
I SCTCMAR
I SCTCMAR +
0.21
g
%
EO.IS r
o0t
0.05[
0 5 10 15 20
HEIIERE N

Bl 5 AT E AR Bt
Fig 5 ARHR comparison between our algorithm and

other algorithms
4.4 H—Eah

1) TN 2Rl AL 5

SRS iEn EEEE (CTR) A E Rz 2
>] (CDL) A[H, SCTCMAR. g% F i fi Sl 219
TR E R ABLEL il GloVel' T PR, i Sl
GloVe i 5e il 2 iy il ik ABLEIAT 454k SCTCMAR
() CNN (it A JZ 28 40 B TN 25 1 1l i AASEBEX5
HHEFAT S, % 3~5 E/R T SCTCMAR+
5 SCTCMAR 7e4idla 4 L schbrisfb, K%, A
[ R AP 5] 7 HE24 B A AR 3T, (H2 v AE
Al AL SCTCMAR [ 510 5 #7551 36 K
BN BAEEERR. N TS0l ginix A
TR0, SEER e U R (pika) . THI €2 (mianbao) |
/NZE (small) FIZ A% (compact) PUFHEBIAE

N = 5 IR SIS B, F S
PEHs i 42 pika > mianbao > small > compact.
SHREERME 6 Frs.

F 6 ARSI AR A P39 (8 PR i s
Table 6 ARHR comparison between our algorithm with

pre-trained word embedding model

vk pika mianbao small compact
SCTCMAR 0.171 0.169 0.184 0.186
SCTCMAR+ 0.188 0.183 0.180 0.176
#7 (%) 9.04 7.65 —2.22 —5.68

TER 6, AN, W DA —3
EaS, OB MR B, TSGR TRl AR
HA7 B T4 SCTCMAR gybERE. R4 4
()R] IR AR T SRR RIS T PR A 2.
AT PAM S, 25 BB IE 2 R VIR, W Fi5E
Yk i AR SCTCMAR, fyMEfESAL.
A, HT I B RO T R PR E Z TR K
R, BRI FINIEE R, AT PR E A
XoF 2 ) A, 8 T A AR SRS BRAS 1 F S5 IR 1)
TR ALY,

2) FERA AR

TE S TP R A I B R I S B0 — 18, K
Pl AR R S E0H 0. 1 SCTCMAR #i8Y
B, ISR R, B0E v = 5 #l enn(We, X°)
= A = 0 =0, X TEFAUERER, ®E =5
Flenn(We, X¢) = Ay, = v = 0; X TR RAHER
RiE 8=~ =0. SCTCMAR HAA P MEATH
&, AR LR R B R IS4

HNRGEH LB T A IR PASAE ] 1 A4S, 2
A3 AHEEMEM L, SR K 6 frs. UP,
PS, CTC 435137 SCTCMAR. H1fA AT« i
WA RUEZ RIS R IE. + R RHG. Eatlk
BRI DAK I, A R 200 s~ 2 481 77 HE 44 #0 A AR
Wesgmi. gE—22, SCTCMAR A i) f— AR 3R
e PMFE g st R R A AR Ak,
SCTCMAR 12 IR 2 41 £ b H At o7 T4, 14
FMM, Trust rank #1 Random sampling.

5 £EiE

ARICE AR R AT B I, AR AL
K2 R B AP SCAR R 200 P 4 o SR R A 5
Fl A DA T TR TR ) SCTCMAR. 74
A BRI AR EN] SCTCMAR #AE— & f2
JE R THERIERE, (ERE A E IR I A
R RFIRE P HEZ KRR R AU EZ TR
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H g

% 45 4

PR, N2 TGS B 2 R R IR R
AR R A B R BIHERE AR R v, b — 204 i ffE
FARRUERE, B AR HLE.

0.2 T T ——
Il Nons (PMF)
0.181 [E crc 1
CJur
0.16[ |mPrs —
EuP+CTC
0.141 |JpPs + UTC 1
N EmUP +PS ]
%0412 b [C_JscTcMAR
g
Eoat
Y
HQ_O.OX r
0.06[
0.041
0.021

IS UP+CTCTS+UTC UP+IS SCTCMAR

6 ASCRNEZ BRI GO F- 35 P HEA 1 52 R
Fig 6 ARHR line chart of impact of factors

None {PMF) CTC Up

combination in our model
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