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Deep learning recommender system based on tensor de-
composition of meta-paths of heterogeneous
information networks
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Abstract The existing representation learning based recommendation methods have achieved satisfactory results in
large-scale data. Compare to the early classical matrix decomposition methods (matrix factorization, MF), the popular deep
learning based methods have better generalization capability in sparse data in recent years. However, many methods only
consider the two-dimensional scoring matrix information or simply do embedding vectors for various attributes, while ignor-
ing the internal relationships between various attributes. Heterogeneous information networks (HIN) can store richer semantic
features than homogeneous networks. In recent years, by combining heterogeneous information networks with deep learning
for recommender systems, it becomes a hot research topic to mine key semantic information through meta-paths.

Aiming at mining the relevance between the various auxiliary information and users’ preferences, by combining ten-
sor decomposition methods, path information of heterogeneous information networks and deep learning methods, this pa-
per propose a new model called hin-dcf. Firstly, a heterogeneous information network of a specific scene is constructed
based on dataset. And a correlation matrix for certain meta-path is generated according to the path information of hetero-
geneous network. Secondly, after merging the correlation matrices of different meta-paths, a tensor is obtained which con-
tains three dimensions of user, item and meta-path. Then, by the classical tensor decomposition methods, the user, item,
and meta-path are mapped into the same dimensional hidden semantic vector space. The hidden semantic vectors obtained
by tensor decomposition are used as the initialization of the embedding layer of the deep neural network. Considering the
different relevance preferences of different users for different meta-paths, an attention mechanism is incorporated to learn
the preference weights of different users, item pairs, for different meta-paths. Experiments show that the hin-dcf model has
achieved improvements in terms of both accuracy and convergence speed, and better copes with the sparse data problem.
Finally, the possible research directions in the future are proposed.

BIEE: FE#H, L, BI#U%, Email: changdongwang@hotmail.com
AU E K 5 AR FRHEH 4 (No. 61876193)% By,
W H 499: 2021-04-30; &85 H 13: 2021-08-05; & H H 11: 2021-08-10



78 Journal of Cyber Security {5 B4 2%k, 2021 /9 H, # 6 4, 55

Key words heterogeneous information networks; CP tensor decomposition; deep learning; recommendation system;

attention mechanism; explainable recommendation

1 3l

L1 EEERREX

il

LI P R I KPR AR, A H R AR IR, ¥ 52

FAREHRECSWaE R UL S H, FH
TR P R EFEAT 4803k, B IR ik e AR 4
TOTGH W&, F1T-AE A8 D6 1 AR R A R ]2
itz XEH B O R T AR S A
Bt 7 P, A B RN L, P Sk
itk S aens SNt As . fER . S,

SR, DA A S, — 5 1 P & e =
T O S HER RN A O Bk, — T A H
LSRR A O IE T 205 S 7E15 BB IER A,
QAT AP R PR A R ECAS R P B 75 A 8005 TR
BT — AN S R N A S T LA A
MR iR e 2 e 0T e S AR SR AE AR S5 AR [
M P AR S0, BT i R S B XA
FRATLUERE—R NG, U — &
PrSCARSE B, Wl DU I AR S S HETE
FRIL pE R KR BRGSO N /DR AT A
MR N, EX—E b, SRR N Z
O TR BRI T K.

SR, JET o LMrik, ARG E T2
PRt o U0 e B g ok v i B el
B A5 B D K1, AEUE P E1 e = 7y s g 4 4
Pu, HEHEER R ZEN . T AT IX— R @, %
JFEMN T S B B AT 2 A . P BLAR R = T
YIE R, B PR B Mol Bk, DR,
U R ARG S RE B A N4 I3 Bl i) . % Ix 2k
SR, SRS IR 0 2 TR L 7] by 0 2% B 0% A7k
SN VE SURFE .

Bk, VR 22 ) AEHERE R G T ANET %
ST R 28 I 4% PR 88 2 ST IR — MR VR 2
PESEHII . BERE F Bt 2 2] AN R ) 2 4E 1) S 4 £,
TR B M P S b AR AR o DT SRR T A 1 1)
B HET I, AR SOR S G RS B FR BE 2 2 1
ik, PEHUHTINHEREBIAY, DL % A 58 A i 1) L
1.2 ERIMARIIRFOE X T

iy ) ok g S, A a0 R P P o e
AT OV o [ . R AR LT
BRI L8 O R e A R OGP . R T T

1 (item-based) % & AHBLRE = I A0 i a7, T H
J 7 (user-based) % REAHALLRE &1 (1 F 7 (40 i A
etz o X5kl T 2% 8 T sk ) (145 AL 8,
SRR B .

5T L T4 /) iR (matrix factorization, MF)!!
() T VEAR T b fif e 73X — ), R B A il T ok
JRI) it S 3 7] — 4 B ) ) 2 ) eh o {RRERE 4y
filt A% 8T A PR oE B, AR PR R D
IF, JCVEAR L R ST 08 A it 1) ) 2

AR, TR P48 X 28 7 25 N SR AT T AR Bk
IR N, fEHERE R G aish, He 25PHR T
NCF #484, H MLP AU T MF ) B4, A
Rl T ot B RE A R T, BESR T2 A6 BE )T - Deng
SEFLHY DeepCE! 4 bip 7] i D& 519000y KAk 2]
ARG 22 2 i B, 454 MLP $2 i (1) CFnet, #&5
THEEHE R

RS BT 10, 5 H45 JEL M 2% (heterogeneous
information network , HIN)!" V0,75 22 Fh 25 70 () 35 45
AR BT /=4 T2 2T R E S M)
HEFAAR Y o TX R ) — SRR AR R T ek A
(meta-path)y =/ B4R S . 0 B AR A G AL 1 1E
58, nTCATHE -, P AR, DUHAEHERE
Sun ZEU1 BT 0 3 T 8% 45 0 R ADURE 45 5 o
(path-sim), f top-k #E#7. Yu 21, Sl AR T2,
AT P RS AN R ORI R, eSS SRR
B B 23 A 7 o Shi 2507 S AR () % 42 4R B T
U FVF) A, 3 e 51 2R RO P )
(RIZRAE, AEi i il G 7 BRSO . DA BTV 2 80
TEE A B 2% B B S BB . HAKAR
FEAEPAR, B8 A 005 SO ] 5 HERE DG, Aede it
iff P 11 (] B3 SR T R 25 O () T i, A R e
I e b A S5 D0 % 70 4 b 5 40 FH P 1) e G e i 55 45
fi) 7L

TEFRE S A I A b, A T 2% RS v 4 R I
fiF, LEHERE R G thAg 4 Aok B R A AT g
IAARZ A B SOA s A4 X T i
FMAN BE NG S, ST IR R, A AR S
FEFE R SR T BR o ASCH B A& (5 B M 2%
BAF 508 e, 1 oA s B 4. A
EUHS DL %) 5 A 2 00 5 B 0 i D7 1k S G M R T
WifE R



VPORIE 5 JE TR B M AR AR SR B R IR IR R 7 S HERE R A

1.3 EE#

1) $2& 2 T 5K 5 53 fi# 77 % (Tensor Decomposi-
tion) 1 57 #4155 5. 4% (heterogeneous information net-
work) [FVR B 2 ) Sk . B8 W= B 1
AR HOH A N0 N ) S A A M 2%, IR
JCERARAE s BEE I R E A P
TG e A7 WSS 3] [7) 24 5 1) B S ) o ) v e 24 4
BRI Rl s Sk, Rear— D15 B R RaTE S n)
YEREIN, ST B (RS L

2) Rk o AR 32 B B TE Sn) AR IR 4
9 2% (115N 2 AT AR AL, 5% DeepCFU! I AU 1L,
R MBRAE S 2] E LG A ), T 2 R
FIHLMLP) 55z AL BE T o 5 G BIAS R FH 2 AN\ o
AT IR ORI Al 2 AN ], il N Y 2 0 L (attention
mechanism), “ZANEH S Wb, SAFETEAZR
i B AN

3) f#H movielens, douban movie il Amazon %
PR AT AN, 5 AL HEE SR 2 AR
FRPRIOS EEIRES, ASCER ) hin-def BIAT T 5K &
SRR N I FEARTAR A T, B RR 1 5 R S50d

amnm ”\
FILM- — — -
SO S N
s M A a S
S---8--
U, \ &
\
[= ===
FILM
(= ===
m,
(a) SHA(E R M4
l®)
M@ F@ R
(iS¢
EH (1)
(b) PIZg#E

79

JEEARARTE, F HAERGEA GG D 5Ly 3 )
TR R 1] L

2 &R

2.1 HRHMEENLE

TN FHE B, R E RO —A
HAMEG = (V,E), VRN RES, E A EAR
o HARN G A MY SR, RIAEAE R R
SV - Ao BEFRIBAR N P)IAEAY, RIS OC R
@:E - R i A R R 50K oRgs FSR RIS i
KIS, HIAl+ IR| > 2.

Bil—: K1 F128 T s B W2 (Hin) 4] 1
1% Hin NH 5 FIMESIE, G5 180T 528,
3 92 H P user(u) H 52 movie(m). 515 director(d).
/N group(g)s FEEERY type(t). FFANTT RIRIRHE—
g5 RIS, Wik u BRI R R
— LR R (G 2 fE 2R ) Hin H I 3 302
B, Wik u-g, RAHPMA T/, U
KM u-m, R P B ZBEIS HETS .

U, ms

o T O @
RPTRCW
O Ly

&--@m m

(c) ST ICRAR I RS

oo
FILM
oo

TR SR
M - 1 i S VRHE LA
S ST R X R

(d) BT ITHEAR BT S0

Bl 1 HIN 3ESMEIEEIUREFTHREEII KSR DH

Figure 1 Example of heterogeneous information network and the idea of building a tensor based on meta-paths
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Figure 3 Deep learning recommendation system based on meta-path attention mechanism of heterogeneous in-
formation network hin-dcf
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@  https://github.com/librahu/HIN-Datasets-for-Recommendation-and-Network-Embedding
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4.1.3 XTIV

NeuCF: ncfl L 55— ANKg i j 44 17 1 21 3 7]
TR BT B A ) SRR G il T R i
T MLP [,

DCF: def" U 4E 2019 4F, 4 H 3 T b [l i &
I3 N FRAE2E SRR AL L A S ik AR T vk . AR
P ) B R

DMF: dmf"* 24 £ 55 1) i B 40 it 7 3 fi 5 i 22
W2, RORHETH T A ()92 Ak R

Hin-dcf: hin-def 2 A SCHE H I
4.1.4 SCILAH

CP KM 3 F H python 1] tensorly FE1k
SEH . hin-def BEAIEE T python ) torchHy i 27 ] )%
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Ak 53 % F Adam®(Adaptive Moment Estimation)
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Table 4 Experimental result

y . def ncf dmf hin-dcf
AR Ik EL1 (%)
RMSE MAE RMSE MAE RMSE MAE RMSE
20 0.774 0.976 0.744 0.941 0.771 0.969 0.728 0.922
40 0.750 0.948 0.727 0.92 0.744 0.939 0.714 0.906
Movielens
60 0.725 0.919 0.723 0.913 0.717 0.907 0.703 0.894
80 0.702 0.894 0.706 0.901 0.691 0.875 0.698 0.887
20 0.824 1.092 0.825 1.092 0.842 1.085 0.729 1.007
40 0.779 1.051 0.755 1.023 0.79 1.024 0.701 0.971
Amazon
60 0.742 1.018 0.717 0.995 0.75 0.978 0.681 0.949
80 0.711 0.988 0.706 0.974 0.727 0.955 0.679 0.936
20 0.658 0.824 0.598 0.756 0.654 0.818 0.567 0.722
40 0.628 0.787 0.575 0.728 0.618 0.774 0.554 0.708
Douban-movies
60 0.600 0.755 0.566 0.717 0.589 0.739 0.549 0.700
80 0.579 0.731 0.559 0.709 0.563 0.708 0.546 0.697
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Figure 4 An interpretable example based on the meta-path attention mechanism

0.66 7 hin-def
— ncf

i dcf
0.644 — s

80% 60% 40% 20%
AN L5

5 AFEINZELHIT MAE 9L
Figure 5 MAE in different training ratios
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Figure 6 MAE comparison of models with or without
latent factor initialization in different training ratios

h T YR 45 A KA 2% 2 7 iR AL C 2% 3] U7 v feg
TR B, 251 7, ASCK hin-def 55 MU
FAE 27 ) BERYFNULIC 27 2 B AE AN R B 4R Bk
AT X o hin-def 78 A7 3 4 b AR I A i o
JLHYE movielens Hli 4L, VUALY: 2B MAE
Lt hin-def LL3ETH T 2.3%.

K] 8, ASCHIE T & IMANTEE AL

. - R
0.70 1 I e N
1 hin-dcf
0.65 1
m
§ 0.60
0.55 1
0.50 -

movielens amazon douban-movies

7 FRAEFSAREFILEC S S AR YN hin-def £
KR £ 89 MAE 33 LEE
Figure 7 MAE comparison of representation learning
model and interaction learning model and hin-dcf in
different datasets
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Figure 8 Comparison of models with or without at-
tention mechanism on different datasets
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