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Abstract As an indispensable part of online shopping and e-commerce, recommendation system
(RS) plays a vital role in helping users find products they are interested in. In many recommendation
tasks, rating prediction is one of the most common and important ones. Moreover, among many
recommendation models for rating prediction, Neighborhood-Based Collaborative Filtering

(NBCF) has received a lot of attention and is widely used because of its advantages such as
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simplicity and interpretability. The main idea of the NBCF model is that similar users have

similar preferences, which is relatively intuitive. However, NBCF is not able to obtain good
recommendation performance only with historical user-item interaction information. The main
reason is that the historical interaction information is often very sparse and the additional
information is not enough, which makes the similarity measurement between users (items) less
accurate. With the rapid development of networks, the information network contains many
different types of objects and relationships, and more rich semantic information can be further

So,
Compared

tapped and utilized, which naturally constitutes Heterogeneous Information Network ( HIN).
HIN-based recommendation model has received extensive attention from researchers.
with traditional recommendation model, HIN-based recommendation models can not only
effectively improve the recommendation performance, but also alleviate the problems of cold-start
and data sparsity. However, most existing HIN-based recommendation models have many
parameters which need to be learned while ensuring the validity, and the parameter setting has an
important impact on the model’ s performance. Particularity, some of the parameters in these
models need to be adjusted manually, which results in a large amount of training time. Therefore,
this paper proposes a parameterless meta path-aware rating collaborative filtering recommendation
model in HIN (HRCF). Moreover, HRCF can be seen as an extension of NBCF in HIN, which
makes HRCF inherit many advantages of NBCF. But the main difference between them is that
NBCF utilizes similarity between users (items) to make recommendations, while HRCF directly
The main idea of HRCF

is that ratings of similar users on similar items are close, and our statistical results in the Yelp

measures similarity between ratings in HIN to make rating predictions.

dataset confirm this idea. In general, HRCF is to find the rating’s neighborhood through the
meta-path in HIN and then weight the neighbors to estimate the rating. In addition, HRCF does
not need to adjust or learn any parameters, and it can be converted to more convenient and fast
matrix operations to perform. Specifically, we first generate commuting matrices between users
(items) on different meta-paths. Then they are integrated to calculate the similarity matrix
between users (items). Finally, the similarity matrix between users, the historical rating matrix
of users-items, and the similarity matrix between items are sequentially multiplied and normalized
to estimate all ratings at once. In order to verify the validity of the HRCF model, this paper
conducted experiments on published Douban Book and Yelp datasets. The experimental results
show that the recommendation accuracy of the HRCF model is better than the existing methods,
and can well overcome the cold-start problem. Furthermore, we have also shown that a given set
of meta-paths on those two datasets has a positive effect on the performance of the HRCF model.
Keywords heterogeneous information network; collaborative filtering; recommendation system;

meta-path; rating prediction
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5.1 HiEK

b T Bk HRCF #84 f #EFEVEBE . FRATTAE A~
2N IF 8 B4 £ - Douban Book 1 Yelp CE4f ok 5 4y
http://www. shichuan. org/) Fi& & T £~ 5L Kk
PEATEAE. HoH Douban Book WA 13024 i F ' £
22347 A4 E—ILLG T 792026 DIFAR I EUE
B R & T P A sg e R B AW B 15 B
Yelp #4516 239 i I 7 % 14 284 ANl — 4T
1198397 V-4 HAZ B 4R IRl e 43 & 1 P )
FEAS KR LR B Jm AR B UG e B 4 B
PESF 342 1~5 Z 8] B 250 R A0 i e 15 B Fn 45
5 RN 2 FlE 4 PR, ok, FRATIER 3 FK 4
Fh 23 ) X8 A A B 1 25 E 1Y Jo AR B SOk AT
TR IX BT SR A S P O B A i
RN, H ' DoubanBook 1 25 B 4 0. 27 %,
Yelp 2 0. 080, 4R B 8k . B4 A it ol Tt . 52 56
1% python & = , Intel Core 17-4790 3. 60 GHz,
16 GB RAM.

% 2 Douban Book 7 Yelp WM IEE MR ITER

YGRS ERXY) X A% Y 145 XY 1A~ H X PRy Y R EE JC AR
User Book 13024 22347 792026 60. 8 35. 4 UBU. BUB
User-User 12748 12748 169150 13.3 13.3 UBPBU, BPB

D}:zz’;n Book-Author 21907 10805 21905 1.0 2.0 UBYBU, BYB, UU,
Book-Publisher 21733 1815 21733 1.0 11.9 BAB
Book-Year 21192 64 21192 1.0 331.1 UBABU
User-Business 16239 14284 198397 12. 2 13.9 UBU, BUB
User-User 10580 10580 158590 15.0 15.0 UBCiBU, BCiB.

Yelp User-Compliment 14411 11 76875 5.3 6988. 6 Uu
Business-City 14267 47 14267 1.0 303.6 UBCaBU,
Business-Category 14180 511 40009 2.8 78.3 BCaB,UCoU
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F1 RMSE(Root Mean Square Error)t° 1% s [, 45 A []
R 2 18] F) R AE P RE L E LT

(1)
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(D PME-" g P - 350 H 1 D s 9P 43 9 B 43
if# S A 331 O 1 P AN A AR B A A R

(2) NMFE“S @08 H P -350 5 1 D5 50 91 40 A 1
3 A R ARk 1 JE B0 B

(3) UserKNN™ I PRI H 1 A 1T 43 2 AR 4
5 PR RAAUH P AEZSE E R PEorae 2 B,

(4) TtemKNN™ L J P AE 35 B E 1P 43 2 AR 4
MPTESZS H AT K AU I E E #3527
.

(5) GMFE™ . 1 SUH B 4 fff » 32 2245 P v 7
AL FN TG V8 7 4R AR X 1 TC 3R A 3 L R S R — AL
1] S il P RROR AT P 43

(6) sSVD" i 33 7C % 4% T 4R VT 43 1 4508k 9 3
SRR RAPE L 2R 5 JE T AR AL B TE 43 AT G AL B,
J R G2 ) B 20 A A 245 5 DR SR AT HE A

(7) HERec"™ + 2 B AU 3 5 K M TC % 42 2% 2] 3|
PP AT H A iR R S B 4% G2 1 R Ak A5 R Hh ok
AT o T
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GMF J2& 3 T4 22 W 45 1) T SCHE B 93 filk 5 sSVD i Bk
T HIN S B2 53 43 22 (] (4 AR AL I ) X3 43
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SRR RE o3 i b (AR AL, IS IR A AR 2 T HIN
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LIV B 5 77 1 S MSD(Mean Squared Difference).
WA S A FR AR B AR 2 U R A R I 4R L OF
AR 4l 7 - 54l 7 i 8 72 B2 % Douban Book i1 Yelp
Bt 4 19U 45 R 4 51 5 8 M {0.8.,0. 6.0.4,0. 2} Al
{0.9,0.8,0.7,0. 615 A fF— YNGR TF A
Wi HIL b K 5B 40 SR I 5 A T R 4 L IR T AR A A A
HIZEM4E 1Y MAE 1 RMSE.

SLIRLE RN 5 s, B, R AT LUE LA
T 6 A, HERec #1 HRCF % 9 >4 T HIN
FRE A TN MAE F RMSE. % i8] HIN f F
4R RE SCAE BT DL B 4 A R Ok i i

FPERE. HW TE R Z i 0L T HRCF L HERec
AL TERE. X WU W] T HRCF 7ER R 1) 52
A% EFNA RUME Z (83K 3] 1 — AN B 07 . Ak 7R
Douban Book JI|Z:% K 0. 8 F11 0. 6 B}, HERec )
REZLAL T HRCF. 3 0k A P4 1Y B 3 28 i R 5k
WA XRR XD XL X 5 Y R B
I, B 36, HRCF i i ix 26 ¢ 2 ok 5 40 48 5 I
FHTHERE T 2591 25 58 50 1y I 3X 86 50 RO 2 DL S 4%
TR ZPF 5 Z B 5& & SR . HERec #5838 4o K&
T EE AR 0 BE ML AT LA 44 3] 5028 i PR S 9 2
B8] 1Y) R &R

RS FMARAERIYBESELHATERMIRNER

e 4k ][22SR 8 T e PMF NMF UserKNN  TtemKNN GMF sSVD HERec HRCF
MAE 0. 5808 0. 6462 0. 5842 0.5912 0. 6206 0.7228 0. 5548 0. 5609
o Improve —14.36% +0.58%  —1.79%  —6.85% —24.44% +4.48%  +3.43%
RMSE 0. 7505 0. 7958 0. 7328 0. 7462 0. 8047 0. 9879 0.7023 0.7141
Improve —6.04%  +2.36%  +0.57% —7.22% —31.63% +6.42% +4.85%
MAE 0. 6191 0. 6565 0. 5952 0. 5994 0.7166 0.7913 0.5617 0.5663
06 Improve —6.04%  +3.86%  +3.18% —15.75% —27.81% +9.27%  +8.53%
RMSE 0.8112 0.8117 0.7488 0. 7589 0. 9581 1.1879 0. 7127 0.7214
Douban Im prove —0.06% +7.69% +6.45% —18.10% —46.44% +12.14% +11.07%
Book MAE 0. 7340 0. 6755 0.6133 0.6129 0. 8318 1. 0203 0.5763 0.5724
0.4 Im prove +7.97%  +16.44% +16. 50 —13.32% —39.00% +21.49% +21.77
RMSE 0. 9866 0. 8375 0. 7774 0. 7824 1.1376 1. 6749 0. 7350 0.7323
Improve +15.11%  +21.20% +20.70% —15.31% —69.76% +25.50% +25.78%
MAE 1.1613 0.7251 0. 6448 0. 6470 1.4628 2.3323 0. 6282 0. 5964
02 Improve +37.56% +44.48% +44.29% —25.96%  —100.84 +45.91% +48.64%
RMSE 1.5311 0. 9055 0. 8342 0. 8460 1. 9451 3. 5409 0. 8357 0.7683
Improve +40.86%  +45.52  +44.75% —27.04% —131.24%  +45.42  +49.82%
MAE 1. 0426 0.9148 0. 8517 0. 8732 1.3838 1. 4640 0. 8393 0. 8359
o0 Im prove +12.26% +18.31% +16.25% —32.73% —40.42% +19.50% +19.83%
RMSE 1. 3823 1.1548 1. 1062 1.1380 1. 8464 2. 2460 1. 0982 1. 0882
Im prove +16.46% +19.97% +17.67% —33.57% —62.48% +20.55% +21.28%
MAE 1.0874 0. 9208 0. 8549 0. 8787 1. 3907 1. 5540 0. 8434 0. 8321
0 Improve +15.32% +21.38% +19.19% —28.79% —42.90% +22.44% +23.48%
RMSE 1.4327 1.1622 1.1082 1.1461 1. 8542 2.3439 1.1043 1. 0800
Yelp Improve +18.88% +22.65% 420.00% —29.42% —63.60% +22.92% +24.62%
MAE 1. 1339 0.9397 0. 8705 0. 8904 1.6127 1. 6963 0. 8600 0. 8413
o7 Im prove +17.13% +23.23% +21.47% —42.23% —49.60% +24.16% +25.80%
RMSE 1. 4873 1.1857 1. 1305 1.1630 2.1122 2. 5461 1.1236 1. 0972
Improve +20.28% +23.99% +21.80% —42.02% —71.19% +24.45% +26.23%
MAE L 2082 0. 9430 0. 8751 0. 8941 1. 7431 1. 8306 0. 8706 0. 8389
o6 Improve +21.95% +27.57% +26.00% —44.27% —51.51% +27.94% +30.57%
RMSE L5700 1.1887 1. 1360 1.1693 2. 2499 2.7064 1.1428 1. 0912
Improve +24.29% +27.64% +25.52% —43.30% —72.38% +27.21% +30.50%

P - HRCF 0] RLAE O £ G 77 5 T il — 28 52
AR HE T HIN SR A R AURERL. Beoh 72 3% AT
B T eI PMF /£ MAE fl RMSE

3 TR
5.4 AEZ

Y2 i Bl ) L — L L A2 e A R I W ) — 1
EOR Bk K. UL BEAS BEAT 2 2% M v J 3 I) A e — A
U AR A B A 0 L 5 1) T AR AR 22— O T R

HRCF A L BV )3 3l [l 8 b 1) A5 500 AR SOfF
HRCF #8 5 H-g B R A% )5 2h P b i I3k 45
RUEATHL 4. B Shi 48 AN SCR 2Rl FR AT BT e AR
WP PR B8 H s =4 R B sh . 5N
(0,10],(10,20]F1(20,30 ). SR )5 4 3+ 5 BT A3 #5510
TEX =41 | /) MAE #1 RMSE. % 8%, {5 & /N1
MAE Fl RMSE Q3R AEAE #HY )5 3 ) 1A 3
UF R PERE  SEER A5 R A 5 TR,
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Background

As an integral part of online shopping malls and
e-commerce, the recommendation system(RS) can help users
find products they are interested in. And rating prediction is
one of the most common and important tasks. Traditional
rating prediction can usually be divided into model-based or
neighborhood-based. Due to the simply, stability, and inter-
pretable characteristics of neighborhood-based collaborative
filtering (NBCF), it still attracts a lot of attention. However,
these models only use historical user-item interaction
information, resulting in poor recommendation performance
and facing data sparseness and cold-start problems. In
addition, many researchers integrate user social networks,
product attribute information, etc. into the model to improve
recommendation accuracy and alleviate these problems.
Experimental results show that after considering additional
information, the recommendation performance of this model
has been effectively improved.

Therefore, it is necessary to expand useful information into
the recommendation model to improve the recommendation
performance. In recent years, because the heterogeneous
information network contains rich structural and semantic
information, a large number of HIN-based recommendation
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can generally be divided into similarity-based and embedding-
based. Using the meta-path in HIN, we can more realistically
reflect the relationship between nodes and learn to embedding
better, and then use them to make recommendations. In
addition., with the rapid development of deep learning (DL) .
many researchers combine DL and HIN to make recommen-
dations. However, the above models have shortcomings such
as having many parameters and being difficult to implement
while obtaining good recommendation performance.

To solve the above problems, this paper extends the
neighborhood-based collaborative filtering in HIN, and
proposes a rating-based collaborative filtering based on HIN.
The model directly measures the similarity between ratings
based on the meta-path and uses it as a weight to weight the
rating neighbors to perform rating prediction. The experi-
mental results on two public datasets show that our proposed
model can obtain better recommendation performance and can
effectively alleviate the cold-start problem.
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