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Service recommendation based on user network representation learning
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Abstract: Network embedding has been a popular branch of deep learning, which represents the network
information by mapping network nodes to an extended low-dimensional space. According to user co-tag
network and social network, we employed network representation learning to extract the representation
vector of tagging relationship and social relationship of users respectively, and proposed a novel service
recommendation method, using user’s representation vector learned to calculate the similar user set and
recommend appropriate services to the target users according to the preferences of top-k similar users. To
investigate the feasibility of our approach, experiments were carried out on two open data sets, Delicious
and Last. FM. The results show that our method outperforms the four benchmarks, with an average

improvement of 13% in precision, 18.6% in recall and 13.1% in F-measure. It is also found that when
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learning user representation, the co-tag relationship between users is as important as the social relationship.
Meanwhile, during the process of collaborative recommendation, the number of similar users returned for a
target user is suitable in the range from 25 to 30.
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1.1 ETHRZNRSER

Shi &My T HUIN PO 4 0 A IR 45 19 DF 43 o AR S T ) 2 S EE AR I AR IR 45 5 DA Y
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FH P Z IR 4 A R FMZH R OG R 2 FhORR] 28 Y 1 4k 38 56 2R ok [R5 43 i ol AR il 5 2 o W) 4 R e b 45
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# DR-GAN(disentangled representation learning-generative adversarial network) , TE#Y 45 S22 1, ot B )5 1)
Az BN BT 9 28 AR 1 R A4 AR 7K s Tang 86500 5 — b 56 146 B bl 28 I 4% 1) 106 45 R AE 27 2 B A0 % Y P
F B B[R] — AU AE 28 RDOR A L AR AE 5 B BB /) BUAS B AUC {42/ T 6 %6 ; Kong 5557 FIl R A 2%
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PEAELE T X2 T RO 5 Shi 580 38 1 I T 0 BR AR 1 BEATL U 2E 58 W e A= BUAT 8 S5 s P 31 AT I 28 ik A
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1] 1) contact Fl follow & A P A28 W 4%, 2) W48 RAE 2% 2] X TSR0 2 B P A5 B W&, 43 5 |
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Fig. 1 The main framework of our approach
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F P —br2 258 B M 4% (user-tag heterogamous information network) : 5 i {5 & P 2% fa7 2814 3 7 S 45
P28 T T R BGE A ZEAE 2 B DA R A FE SO AR T P IR 55 AT A B T B AR AR S AT
AP ARZ 5 BE B Nonn ={(UUT.E} P U={usussrou, ) HRAPET={t1t0, 0, } N
WL E={e,;|i=1,2,n,j=1,2,m} HENE BHEHE—FED ey =w B NAEHF v, HEIRF w I
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3.1 IIREE
LU B K R T Grouplens V15 . Delicious 4l e a5 117 1 867 4>, Ik 55 (1325104 799 > FIAR %
53 388 1>, Last.FM Bl 4G/ 1 892 4, k55 (& AR 17 632 ASFIAR%E 11 946 4>, Bl A xf
MR 55 A AR 25 AT B A P Z B sg e k. P A B N4 @RS, TS M4 5 B gtk 1 7
IR AR S R A A b R T OGRS D T S AN
*1 ZHHIE
Table 1 Experimental data

HF D i:&:3 bR %) 2% REPE A
FH P A 28 1 R 2% 1207 4483

Last.FM 1892 17 632 11 946
JH P 452 ) 4% 1132 2 357
FH P A 25 3k R 2 1194 7 621

Delicious 1 867 104 799 53 388
JH 4 38 ™ 2% 1 037 4 889

3.2 Mg
HTIFM RS R 0 kAR 2, 30 >k H & F HE 8 % (precision) . B B3R (recall) F1Z5 G WA 48 45
F-Measure 374845, ST HBHAS u. .2 s, BN ZAPHELEFENRSES, 2 55 RonmizH P R

0 TopK A% . X TR P4 | U, | S5bRA9E T
R reeanex = ‘U% | U‘:M | |x,ﬂ81s,T°"K , (1)
F-Myor — 2 X P precisionar X Rreanax (12)

P precisionax 1 R recanax

T B SC T A B, BB UPCC (user-based pearson correlation coefficient)™ \WSRec (web
service recommender)®" | SoRec (social recommendation)™* F1 Truser (trustworthy user based service
recommendation) ", 4 Tt A7 Ty iR AR b L8 1 S 7 vk . UPCC & — R 3k F F P X i 45 14 i 4% 30 AH L
PR AR Bk A AR 45 HERE L8 2 1 Y 9 5 % s WSRec J2& — Bl JE T P A0 g5 300 49 B 1) a2 0k R A 78
J5 5 s SoRec & — il T4 22 ) 26 FIPF- 5346 B Rl A HE T 5 15 5 Truser & — T A1 A5 1 P 609 P B B SR S8
SRR RF Y., CHIT R RRE R B IR S HESRF 7158 RLSR(represent learning-based service
recommendation) ,

33 XBEHER
3.3.1 s REM

B UE RLSR J5 2 0 A 280vE B AL KA 52 A I — & L] v (196 ~ 10 20) B JH AT ik, 76 9 2% 3%
fIE2 > By B, BEE P 1o ek 248 2 BROAEL (d = 128) W B 6 K 1 =50, B35 sl E OB = 10 R S 8
p=q=1, 80 ES R8I MR (B, 7e5T H o R ik ug i, 15 & RAE ) 205 280 « = 0.5,
FRH T[S () [ =20, 24 Top-k=10 B . 76 2 A HOR A 11 4 1715 (Rec@ k) AR R (Pre@lo) 45 i3
2 PR,

TG LSRR A 2 HEARAE R SLg L TEIe v HB A e A8 £k, RLSR J7 v 1A 2R R0 43 MR IG 28 T 4 Fh
FLETy kR R AR R . UHE S LA HERE D7 % UPCC Ml WSRee M H . 2k B9 W12 . X T SoRec
I Truser 3X 2 FHECHT A9 735 7€ Delicious £# £ [, RLSR J5 I& 19 V- 4 fE B 33K 0.635 , £ T IR 13 43 99 A 12.9 %6
15,75 5 354 [ 55K 0,593, $& FHIRBE T K, 43 ik 19.2%0 01 7%, i 7E Last. FM 248 4E [, RLSR J7 i (19 °F- 3



% 7 MFE.F . ETRAPAZAMEERATI GRS IEE T &

YRR IK 0.572 3 THIE BE AR5 13 %0 F1 11.7 % s F- 39 F %3k 0,534, 32 FHIE FE 43 518 18.9 % F 13.2%
R2 BFEE2ANNEELHNRELEE

Table 2 Recommended results of different methods on two datasets

ey
EVEITE Ei=g 7 J7 ik Rk
1 2 3 4 5 6 7 8 9 10
UPCC 0.34 0.42 0.39 0.42 0.31 0.41 0.37 0.33 0.37 0.33 0.369
WSRec  0.51 0.47 0.49 0.43 0.41 0.51 0.43 0.41 0.47 0.49 0.462
Rec@10  SoRec 0.51 0.51 0.53 0.51 0.57 0.57 0.54 0.50 0.51 0.50 0.525
Truser  0.51 0.57 0.53 0.59 0.57 0.53 0.59 0.59 0.59 0.54 0.531
RLSR 0.61 0.59 0.57 0.60 0.60 0.58 0.59 0.61 0.61 0.57 0.593
Delicious
UPCC 0.39 0.45 0.41 0.47 0.39 0.42 0.40 0.40 0.41 0.39 0.413
WSRec  0.51 0.49 0.50 0.52 0.47 0.57 0.43 0.44 0.50 0.54 0.497
Pre@10 SoRec 0.54 0.57 0.53 0.57 0.42 0.51 0.57 0.53 0.56 0.53 0.534
Truser 0.53 0.57 0.57 0.57 0.51 0.51 0.51 0.50 0.54 0.50 0.561
RLSR 0.65 0.63 0.65 0.61 0.63 0.63 0.63 0.61 0.64 0.67 0.635
UPCC 0.31 0.38 0.35 0.38 0.28 0.37 0.33 0.30 0.33 0.30 0.332
WSRec  0.46 0.42 0.44 0.39 0.37 0.46 0.39 0.37 0.42 0.44 0.416
Rec@10  SoRec 0.46 0.46 0.48 0.46 0.51 0.51 0.49 0.45 0.46 0.45 0.473
Truser 0.46 0.53 0.53 0.48 0.49 0.53 0.53 0.51 0.48 0.51 0.505
RLSR 0.55 0.53 0.51 0.54 0.54 0.52 0.53 0.51 0.55 0.51 0.534
Last.FM
UPCC 0.35 0.41 0.37 0.42 0.35 0.38 0.36 0.36 0.37 0.35 0.372
WSRec  0.46 0.44 0.45 0.47 0.42 0.51 0.39 0.40 0.45 0.49 0.447
Pre@10 SoRec 0.49 0.51 0.48 0.51 0.38 0.46 0.51 0.48 0.51 0.48 0.480
Truser 0.48 0.51 0.51 0.51 0.46 0.46 0.46 0.45 0.49 0.45 0.534
RLSR 0.59 0.57 0.59 0.55 0.57 0.57 0.57 0.55 0.58 0.60 0.572
N T HE B WA TR AT AOR B 2 IR T oes |
DT BTG R0y Fomeasure i, M He 2 N800 O S o 0 | ehciows T LastiM
ik AE 2 B B ORLSR U5k By (HIETHIRIE R o oss |
13.1% A 14.1%, 117 % M 8.5%  BEdE— L ds e € os |
BT R, W% & IES I R T LSRR oss |
SR B B S I S L2 R R 0a
[0 44 3 ik 2 G 2% 50 07 v, A R T I AF R T P AL 0as |
A, 0.3 : : '
UPCC WSRec Sorec Truser RLSR

3.3.2 BEF a5

DB p Flq KRS,

X T BENLIEE DK 1,4 A S 80O BRA L 43 B Bl
AT EE ¢ DN 10~100 (9748 £k, #EFE 45 (Y F-Measure

B2 &FEE?2ANDHIEE L F-measure £ R Xf Lk

Fig. 2 Comparison of F-measure results of each

method on two datasets
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B, WNE 3 frow, &557E 2 AL M2 B e E 2 1 50 BF, M2y 1T i B A Ko .
WiERARETREE., B, L #8ims 100 i, 78 Delicious 8HE4E I #) F-Measure@10 {H HHx K1E 0.63;
AHR Y . Last. FM 4l € F 19 F-Measure@10 A 4135 8| fe KA 0.59., X T F-Measure {8 £ 7+ — R il B I
B 1 BE DL T? A 25 A7 FT LA TE 4 i AR B8 I 45 14 4 Ry G5 R A I L 88 30 TR 44 R AIE 2 ST 1 o

Xof TR Y L B o BB A S RS R T BB, 434+ DA 10~100 ZE4E I Y F-Measure fH722 1k
mE 4 Fs. 762 ABRE R AR —Fh LTk, Y LR 80 J5 . M2k M b TR i U R
TAE . — AR 4 T BT S I E G 2, 45 2 091 SO 51 A T AR AR 3R N A I 4% T 1 S5 4
B R G R AR T W R, v R 2 S WP E R 2 B R p Fg. KA bT L AR
FrH M B HORAE 4 log, p Ml log.q /I M-4~4 254k, Q& 5 FIE 6 FiR AR p Bl g (Hl/N, RS
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