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Hierarchical Hypergraph-based Attention Neural Network for Service Recommendation

YANG Dongsheng, WANG Guiling and ZHENG Xin
School of Information, North China University of Technology,Beijing 100144, China

Beijing Key Laboratory on Integration and Analysis of Large-Scale Stream Data, North China University of Technology,Beijing 100144, China

Abstract  With the rapid growth of various services and APIs on the Internet and the Web, it has become increasingly challenging
for developers to quickly and accurately find APIs that meet their needs,thus requiring an efficient recommendation system. Cur-
rently, the application of graph neural networks in service recommendation has achieved great success, but many such methods are
still limited to simple interactions and ignore the intrinsic relationships between mashups and API calls. To address this issue, this
paper proposes a hierarchical hypergraph-based attention neural network for service recommendation method(H-HGSR) for API
recommendation. First, eight types of hyperedges are defined, and the corresponding hypergraph adjacency matrix generation
methods are explored. Then,node-level and hyperedge-level attention mechanisms are proposed. The node-level attention mecha-
nism is used to aggregate important information from different neighbors under specific types of hypergraph adjacency matrices to
capture high-order relationships between mashups and APIs. The hyperedge-level attention mechanism is used to weight the com-
bination of node embeddings generated from different types of hypergraph adjacency matrices. By learning the importance of node-
level and hyperedge-level attention, more accurate embedding representations can be obtained. Finally, a multi-layer perceptron
neural network(MLP) is used for service recommendation. Extensive experiments are conducted on the Programmable Web real
dataset,and the overall comparison results show that the proposed H-HGSR framework outperforms the state-of-the-art service
recommendation methods.

Keywords Service recommendation, Hypergraphs, Graph neural networks, Attention mechanism
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Bk 1 SR 7 () R RIS A B AR R

B 31 E ;9 S8 N 4R JE BRI AL D M58 SR AL INTERSECT ; X ) 2% iR
$ SYMDIFF

it o RS S

1A M <N XNHEMBIFHETN 0

2.for ¥ f.g € APIH A V do

3. S < INTERSECT(I'(f),I'(g))

4. D < SYMDIFF(I'(),T'(g))
5. ng< |S|,np< |D|

6. if ng™ 0 and np=> 0 then
7. for Vx € Sdo

8. add np to(x,) in M
9. add np to(x,g) in M
10. for Vb € Ddo

11. add 1 to(x,b)

12. add 1 to(b,x)

13. end

14. end

15. for Vb € Ddo

16. if b € I'(D then

17. add ng to(b,{) in M
18. if b € I'(g) then
19. add ng to(b,g) in M
20. end

21. end

22.end
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Table 2 Comparison of HR at different K values

K
#A &
2 3 4 5 6 7 8 9 10
AMF 0.4021 0.4152 0.4182 0.4262 0.4352 0.4521 0.4921 0.5201 0.5583
NGCF 0.4372 0.4552 0.5037 0.5537 0.6012 0.6252 0.6317 0.6677 0.6882
MISR 0.6494 0.6760 0.7023 0.7211 0.7286 0.7392 0.7392 0.7407 0.7441
HACF 0.6645 0.7190 0.7367 0.7483 0.7547 0.7603 0.7604 0.7606 0.7616
GAT-CF 0.5967 0.6951 0.7561 0.7805 0.8171 0.8293 0.8293 0.8293 0.8293
MGSR 0.5976 0.6707 0.7561 0.7805 0.8171 0.8293 0.8415 0.8415 0.8415
H-MGSR3-7 0.6902 0.7624 0.7904 0.8174 0.8382 0. 8540 0.8638 0.8721 0.8770
H-HGSR * 0.7007 0.7889 0.8097 0.8283 0.8561 0.8561 0.8631 0.8770 0.8840
# 3 NDCG AR K {61 # 5%
Table 3 Comparison of NDCG at different K values
e x K&
2 3 4 5 6 7 8 9 10
AMF 0.3321 0.3498 0.3694 0.3972 0.3999 0.4093 0.4109 0.4271 0.4306
NGCF 0.3521 0.3841 0.4393 0.4647 0.4678 0.4580 0.4603 0.4613 0.4647
MISR 0.5209 0.5050 0.5343 0.5301 0.5351 0.5433 0.5569 0.5568 0.5583
HACF 0.5626 0.5666 0.5627 0.5657 0.5711 0.5716 0.5718 0.5725 0.5726
GAT-CF 0.5255 0.5718 0.6020 0.6108 0.6239 0.6272 0.6272 0.6197 0.6197
MGSR 0.5255 0.5604 0.6009 0.6095 0.6229 0.6263 0.6319 0.6319 0.6264
H-MGSR3-7 0.6454 0.6760 0.6840 0.6877 0.6912 0.6933 0.6920 0.6810 0.6890
H-HGSR * 0.6570 0.6944 0.6979 0.6971 0.7046 0.7006 0.6984 0.6990 0.6989
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Fig. 4 Comparison of HR and NDCG of H-HGSR variants
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Table 4 Statistics of Movielens-1M dataset
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Fig. 10 Performance comparison on Movielens-1M dataset

HRIE AR TP, Web IR 55 H ok & R, (457
KNG BN G 0 APT A8 1580k BUR A Ph T, ST 4Rk, FE
TP 25 1) 2% 0 A5 B A IR 45 7 AU T B RS, R
T V5 2 X R A 7 3251l mashup- AP B9 & 32 98 FH 808 . Z %
THMZEBENELR, B ARSI T —Fh 5 T 2K
&1 3 0 1 e 55 77 7 vk R T A [m) 288 8 )8 3 £ 1R N 43 2
AERE LR HEAT APTHETE . Xb T 45 1 28 B % 1 &1 40 &
FELRGE A R R 0 T A e B A Aok BN IR 4R E IR S
DL Zr 45 S 5 4B S i E itk MR EE ), A
TE A (7] 28 T80 ) ] 48 2 i B v A 1) 4% P L 4 45 B AT
AITWRMIRARR, S5, 2 2 BP0 &
HRA TR HE SR 45 2R . A SCHRE Y 0 R1 B HE A P T A L
(LR R AN =1 o oW B AN DS N 1 7P e S
REmY R T, TEA R E F AT T R & L8, 45 R R W B 2
FETEATE AR B3 T A BB . FERkNIFR
oA DA — DR R T 2 R IR R e S
ByoG &, Meoh i3 A 3007 i T8 R e 4 L DL 3R
19 77 VR Iz AL g

& % X

[1] ZHENG N, LI Q,LIAO S, et al. Which photo groups should 1
choose? A comparative study of recommendation algorithms in
Flickr[J]. Journal of Information Science,2010,36(6) ;733-750.

[2] WANG R,CHENG H K,JIANG Y,et al. A novel matrix facto-
rization model for recommendation with LOD-based semantic
similarity measure[ J]. Expert Systems with Applications, 2019,
123:70-81.

[3] LIUZ,GUO S,WANG L,et al. A multi-objective service com-

position recommendation method for individualized customer:



AR 45— T 3 T )2 OB R T 8 0 o 22 0 246 Y IR 55 e 9 R 1

111

[4]

[5]

L6]

7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

hybrid MPA-GSO-DNN model[J]. Computers & Industrial En-
gineering,2019,128.:122-134.
LIU S.ZHENG Y. Long-tail
[C]// Proceedings of the 14th ACM Conference on Recommen-
der Systems. 2020:509-514.

BRETTO A. Hypergraph theory:An introduction [ M]. Cham:
Springer,2013.

YUE W,WANG Z,ZHANG J,et al. An overview of recommen-

session-based recommendation

dation techniques and their applications in healthcare[]J]. IEEE/
CAA Journal of Automatica Sinica,2021,8(4):701-717.

YAO L,WANG X,SHENG Q,et al. Service recommendation
for Mashup composition with implicit correlation regularization
[C]// 2015 IEEE International Conference on Web Services.
2015.

FLETCHER K. Regularizing matrix factorization with implicit
user preference embeddings for web API recommendation[ C]//
2019 IEEE International Conference on Services Computing
(SCO). IEEE,2019:1-8.

YAO L,WANG X,SHENG Q Z,et al. Service recommendation
for mashup composition with implicit correlation regularization
[C]// 2015 IEEE International Conference on Web Services.
IEEE,2015:217-224.

GUO H,TANG R,YE Y.et al. DeepFM:a factorization-ma-
chine based neural network for CTR prediction[J]. arXiv:1703.
04247,2017.

LIANG D,KRISHNAN R G,HOFFMAN M D.,et al. Varia-
tional autoencoders for collaborative filtering[ C] // Proceedings
of the 2018 World Wide Web Conference. 2018:689-698.
HAMILTON W,YING Z,LESKOVEC ]J. Inductive representa-
tion learning on large graphs[J]. arXiv:1706.02216,2017.
ZHANG Y,YANG H,KUANG L. A web API recommendation
method with composition relationship based on GCN[C] /2020
IEEE International Conference on Parallel &. Distributed Pro-
cessing with Applications, Big Data & Cloud Computing, Sus-
tainable Computing &. Communications, Social Computing &
Networking ( ISPA/BDCloud/SocialCom/SustainCom). IEEE,
2020:601-608.

HE X,LIAO L,ZHANG H,et al. Neural collaborative filtering
(cly/z Proceedings of the 26th International Conference on
World Wide Web. 2017.:173-182.

BAI T,WEN J R,ZHANG ], et al. A neural collaborative filte-
ring model with interaction-based neighborhood[ C7] // Procee-
dings of the 2017 ACM on Conference on Information and
Knowledge Management. 2017:1979-1982.

WANG X,HE X,WANG M,et al. Neural graph collaborative
filtering[ CJ // Proceedings of the 42nd International ACM SI-
GIR Conference on Research and Development in Information
Retrieval. 2019:165-174.

HE L.CHEN H.,WANG D,et al. Click-through rate prediction
with multi-modal hypergraphs [ C] // Proceedings of the 30th
ACM International Conference on Information & Knowledge
Management. 2021:690-699.

FENG Y.YOU H.,ZHANG Z, et al. Hypergraph neural net-
works[ C] // Proceedings of the AAAI Conference on Artificial
Intelligence. 2019 :3558-3565.

BAI S,ZHANG F,TORR P H S. Hypergraph convolution and

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

hypergraph attention [ J ]. Pattern Recognition, 2021, 110:
107637.

PENG S, SUGIYAMA K, MINE T. Less is more: reweighting
important spectral graph features for recommendation[ C] // Pro-
ceedings of the 45th International ACM SIGIR Conference on
Research and Development in Information Retrieval. 2022:1273-
1282.

WANG J,DING K, HONG L,et al. Next-item recommendation
with sequential hypergraphs [C] // Proceedings of the 43rd In-
ternational ACM SIGIR Conference on Research and Develop-
ment in Information Retrieval. 2020:1101-1110.

JIS,FENG Y.JI R,et al. Dual channel hypergraph collaborative
filtering[ C] // Proceedings of the 26th ACM SIGKDD Interna-
tional Conference on Knowledge Discovery &. Data Mining.
2020:2020-2029.

XIA L,HUANG C,XU Y.et al. Hypergraph contrastive colla-
borative filtering [ C]J // Proceedings of the 45th International
ACM SIGIR Conference on Research and Development in Infor-
mation Retrieval. 2022.:70-79.

NGUYEN M,YU J,NGUYEN T,et al. Attentional matrix fac-
torization with context and co-invocation for service recommen-
dation [ J ]. Expert Systems with Applications, 2021, 186:
115698.

NGUYEN M, YU J,NGUYEN T,et al. High-order autoencoder
with data augmentation for collaborative filtering [J]. Know-

ledge-Based Systems,2022,240.107773.

VELICKOVIC P,CUCURULL G,CASANOVA A, et al. Graph
attention networks[ J]. arXiv:1710. 10903,2017.

MA Y,GENG X,WANG J. A deep neural network with multi-
plex interactions for cold-start service recommendation [ ] ].
IEEE Transactions on Engineering Management, 2020, 68 (1) :
105-119.

WANG G,YU J,NGUYEN M,et al. Motif-based graph atten-
tional neural network for web service recommendation [ ] ].
Knowledge-Based Systems,2023,269:110512.

ZHENG X,WANG G,ZHANG J,et al. H-MGSR: A Hierarchi-
cal Motif-based Graph Attention Neural Network for Service
Recommendation[ C] // 2023 IEEE International Conference on

Web Services(ICWS). IEEE,2023:553-562.

YANG Dongsheng, born in 1995, post-
graduate. His main research interests
system and

include recommendation

deep learning.

WANG Guiling, born in 1978, Ph. D,
professor, is a professional member of
CCF(No. 17649M). Her main research

interests include data integration,ser-

vices computing and large-sscale strea-

ming.

(BLAL G5 - T 47D



