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HyperMLBR : Hyperbolic space mutual learning bundle

recommendation model
LIU Jie*, LI Lin"", KE Haole", XIE Weiping’
(Wuhan University of Technology, a. School of Civil Engineering and Architecture ; b. School of Computer Science and

Artificial Intelligence, Wuhan 430070, China)

Abstract Project and commodity bundling is a widely used recommendation strategy in many engineering and business
applications. However, the existing methods have insufficient understanding of the characteristics of interaction data in
bundle recommendation, and the Euclidean mutual learning methods fail to fully exploit the complementary advantages
between views in hyperbolic space. Therefore, a hyperbolic space mutual learning bundle recommendation model
(HyperMLBR) is proposed. The model designs a graph masking module and a mutual learning module, utilizing masked
autoencoder and online knowledge distillation technique to promote effective collaborative modeling of two views in
hyperbolic space. HyperMLBR model and other models were analyzed in the Youshu and NetEase data sets for performance
analysis, ablation experiment and mutual learning effect analysis. The experimental results demonstrate that the
HyperMLBR model is effective and its motivation is correct.
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FARLF A9 A F X A 1 A s T S X L ORI SR
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Intent Disentangle Graph Networks) fil CL’BRec”
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P2yt > HE B AR DA [ 40 P~ 3 A R AE AR T, %
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TR AR B B S HE A 23 76400 18T DM E AR o i g |
AHEZ2 A0 TR RS 5200 B2 ) B RCR AR SO %t
T 50 H 2 8] 52 5 OG Z B9 A AR B ik ) DLk
— A, T WL SR E AN A0 5 10 H 2 (R AR R
P4 . Attlist™ (Hierarchical Self-attentive Recommendation
Model ) il GRAM-SMOT" (GRaph Attention Mechanism
and SubModular OpTimization) 5| A T ¥ & H HLi 2=
AL [R] — NN A0 AN ) A A X R 7 X
JEAMA TR AL RN H 22 6] A R R G B A FE 0
5 R H T - A2 P AR A () 800 X iR 26 4 T
DUMRAR LAY 22 57

BEOXF bR TR, AR SO T — Al X 4 ]
[ B 2% > 1R 48 4 77 15 5 (Hyperbolic Space Mutual
Leaming Bundle Recommendation Model, HyperMLBR ).
HyperMLBR 245 LLF ANIHT 5, — 5 XA
385375 -0 A2 L PR A [) 50 %R 26 40 19
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Fig. 1 HyperMLBR overall framework
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| - [, = max (0, ) 7R BEETER 7, BT ALHE 44 1 4
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LY =log(1 +r,;). (2)
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J5 XA H AT R LU
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4.1 SEEEERITFMIER

A SC T i A 284 4E Youshu il NetEase,
NetEase £ 42 & H1 CAO 55 EHL A M 5 = SR 1
73 . 5 NetEase (5 42 AH L, Youshu J& CHEN 4§ )\
IG5 P00 TG B 1% S 5 A 3 TR 1 A0 A A AR 4 4
FESU A 5 R 7 W A A Ao IR
B uE A A A i R o 5 T BOE R — 2, )y
P g 7122, 800 o3 B 2 F P S AR 9860 19 52 HAS
B KRR TS DL 1R TG 1 S50 AR AR

GPU #1715, GPU A5 5 NVIDIA GTX 3090, &t
17 24GB, CUDA RAS A 10.2, R 55 % 10 N A7 25
256GB, Python ii4< 4 3.7.7, PyTorch A< 4 1.9.1.

F1 LRHIRER 5

Tab. 1 Division of experimental dataset
NetEase Youshu
VRS 217864 34416
LianiE S 27857 5189
M4 56555 9746

FESLIR X T AR AN FELRAR Y A SCEAE 51
Z: 25 R AL I AES B AR A8 FH Adam , V]
ZrBsF IR FH 4096 Bt & K/ 6 T8 FH BPR loss Y
FER  SAREA R 5 B A 1. HyperMBR A5 7 2% ) 3K
H 1e-3, Y ZEAL & /N Sk 4096 , 1R 45 6 40 [ A i H
PP Hh St 23 ) ) i 58 46 8 53 90035 R 2.0 i 1.0,
Xt T BRHEA RO K b i BN 1.5, SRR AR S
HCE N 256. HyperMLBR £ B 2% 3] K% B W 1e-3,
53590 VR 3 30 B S B L TR S A SRR ARE S5 B p, A
R p, H ) R o L E 2 BRAE A R 5
PALEE B HIZEIR L «, EE L {0.5,1,1.5, 2.
{0,0.2, 0.4, 0.6, 0.8, 1.0}.{0.1, 0.3, 0.5, 0.7, 0.9},
{0.05,0.1,0.5,1,2}.{0, 0.005,0.01,0.1,0.5, 1,2 } I
{0.8,0.9, 1.0, 1.1, 1.2 }. Yl 5 iF (9 41t 12 K/l 4096,
AR YE R B N LI W e S8k 64, R AL 25 R H
Adam H' FTH® (9 R PR (1,2, 3,40 . fH

— A& PSR 23 [R] 9 A — 2 A [

FEMERE 2R G0 0k, BT 5 26 25 ] FH P A2 KA
FH P 28 B 6 0 i I 6T 52, R R TopK 7% . 1R
I 7 400 3k 3 R 9 PF A 48 bR 2 Recall@K Al
NDCG@K "', 7% 3¢ B ffi FH 4 5 28 A Y (DAM
Attlist . BGCN , GRAM-SMOT . MIDGN #1 CL’BRec) 7E
FCJE S 3C o BB 4R bR p9 T 5 O s A R T
DAM, GRAM-SMOT J{ i 4& B — 7% (leave-one-out ) ,
FH P — A28 B E sk 2 9 B AT [ FH AR AR 28 00 3
TEM R Bt , 3 58 18 2 Xl 4R v %) B> TE A
AR BEHLEEIE 99 4~ F P R 28 ik R 2R A4 R 1
FEAS, LA Recall@K LA S MAP@K. 3% il 7 =
TCT5 X A SR T ST 53 55, RE 8% 9 /b st ] 77
FE, b Il 2 2F A2 LM Aulist, BGCN, MIDGN Al
CL’BRec WJEXT 43 (4R 26 0 i BE 4R 71 Recall@K
FINDCG@K, VI ZRAE I A4, (B X455 7Y P fig 225K T
TTA& A T AR UEPE 48 5 04 P RS [R5 AR
REAY AT b A S — R H e —Fh o kAT 48 45 1)
A
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F8F5R Recall@K J& 48 A [\l fy % i i 1Y 2 A5 75
B A mfe 7, BB HEZE R K MRS b A 2 /0 02
P B A Tk A EARIT

Hit_Num@K

NDCG@K W TE Recall@K FYFERN |, — %52
BEAYNE IE SREA B HE Y BE 7, A SR P S R R 25
AL RS 7E HE Y 285 S A SE R . S5 (41 0 3k 2 A5
RURBHL T A IEREARHHEAE SRR ASHITIAT, LA NDCG@K
B g e, A LR AR .

DCG@K

Recall@K =

DCG@K—iLL (15)
Silog, (i + 1) '

Horr rel, e [0, 1]3R7R AR A5 A4 I A 48E 22 HF 7 /s
A L AR SR ELE S AT, 1 b IDCG@K T2
5 AR HET IE 0L T B DCC@K 1 4345, B T A
TEREASRHELE SRR AS i T 1Y 20
42 BIKMREMERSH

A SCF HyperMLBR 5 34 517 | HyperMBR i
I, &2 M3 3 57 Jon T B ARLAE Youshu Fl
NetEase | Recall@K I NDCG@K 35 5 (1) 26 I A% I .

NDCG@K = 1o b (14) MK ar LI 2 HyperMLBR 1)1 g 5 AR B AR
. N
DCC@K 1 70 F - HERHE) 7k PR
#2 T Youshu fide LIS s R
Tab. 2 Experimental results on Youshu dataset
Recall@K NDCG@K
R
K=5 K=10 K=20 K=40 K=5 K=10 K=20 K=40
DAM™ 0.1098 0.1460 0.2082 0.2890 0.0873 0.0996 0.1198 0.1418
AttList™?! 0.0414 0.0613 0.0869 0.1245 0.0370 0.0424 0.0499 0.0599
BGCN™! 0.0889 0.1515 0.2336 0.3415 0.0848 0.1032 0.1268 0.1559
GRAM-SMOT!" 0.1129 0.1673 0.2408 0.3451 0.1037 0.1184 0.1392 0.1675
MIDGN'®’ 0.1210 0.1728 0.2519 0.3466 0.1076 0.1210 0.1440 0.1696
CL2BRec” 0.1173 0.1810 0.2649 0.3615 0.1106 0.1290 0.1531 0.1798
HyperMBR"*’ 0.1275 0.1875 0.2774 0.3762 0.1149 0.1343 0.1589 0.1857
HyperMLBR (Ours ) 0.1329 0.2024 0.2826 0.3816 0.1233 0.1439 0.1664 0.1940
% Improv. 4.24% 7.95% 1.87% 1.44% 7.31% 7.15% 4.72% 4.47%
#3 T NetBase B4l F I SLH0ES
Tab. 3 Experimental results on NetEase dataset
o Recall@K NDCG@K

K=5 K=10 K=20 K=40 K=5 K=10 K=20 K=40
DAM'" 0.0099 0.0163 0.0411 0.0690 0.0077 0.0102 0.0210 0.0281
AttList™ 0.0194 0.0325 0.0548 0.0898 0.0163 0.0211 0.0281 0.0373
BGCN™ 0.0211 0.0361 0.0581 0.0934 0.0187 0.0239 0.0308 0.0401
GRAM-SMOT!""] 0.0204 0.0346 0.0595 0.0972 0.0174 0.0225 0.0303 0.0402
MIDGN'® 0.0225 0.0374 0.0607 0.0968 0.0192 0.0245 0.0319 0.0415
CL2BRec"”! 0.0233 0.0400 0.0670 0.1064 0.0208 0.0267 0.0351 0.0455
HyperMBR " 0.0239 0.0426 0.0712 0.1126 0.0213 0.0277 0.0381 0.0490
HyperMLBR (Ours) 0.0287 0.0470 0.0774 0.1194 0.0260 0.0321 0.0407 0.0518
90 Improv. 20.08% 10.33% 8.71% 6.04% 22.07% 15.88% 6.82% 5.71%

MG 25 S AT UL, HyperMLBR 78 A~ 80d6 45 I
It HyperMBR A9 Recall@K 5 Fx 43 5l $& & 1.44%~
7.95% 1 6.04%~20.08% ; Lt. HyperMBR ) NDCG@K
& b5 4> B $2 B 4.47%~7.31% 1 5.71%~22.07%.
HyperMLBR A5 7Y P 68 (19 $2 T+ 0T LUE IR F LU F = A4
USE

(1) B A A B i i 1 300 H A1 R 2 2] RECR
PRI S e o e 1 0 T A0 6] b 5 Dy S Y o

JIBE , I8 5 1 A 4y AU A T R R A
F R IR E— D DN P AR B AT RO B BT T IUH
LR~ S ROR , Fe A AP T T R (AP RE .
(2) 2 A PR 3] 1 A0 P 22 [ AH EL 18 5 A 2L
SRS I 22 8] A A L2 T A Bl S 1 2
B 7 A 9 SEARRAE , SR 2R T T BRI PERE .
(3) XU 25 6] i 1 ik A B 2% L [ il 45470 50
I35 I8 T AN GRHERE A L R REARGE R, JF R L
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43 HRASEE

T RT3 HT HyperMLBR #5Y vb ] i i 4
e UL K s A0 PRT 1) 2 > B0 & (AR M 1 LA R A A
HARLHAY 520, A8 SCTE Youshu Fl NetEase 204 5
BB T ARSI AL, 3T

(1)w/o IV (Item View) #l w/o BV (Bundle View) :
XA ARLE D Sk B Be ORA— 2, AT SR 2 P LR
() 22 5 AE 2 AR e 2 F500 B B, wio TV HL 4 B iR 29
0,00 ] A T 255 SR wilo BV HLAR- B 300 H AL I ) T
EEE TR N NS S S BT a T | NI ESE R TE i
Pe B R I A AL = A A0 B A — A

(CEIb T

(2)w/o Hyp(without Hyperbolic) XA AR ARG AR
U ) G B 8 24 A A5 e 1Y) R T I s T 1 T AR
BB PRI B2 A BERAE G 26 T RN HERA ik A 1) ik
fillf , A2 7 34 BB AR B 3G s ) H Y

(3)w/o MP (without mask predict) : 3X > 28 {4 2=
P RSB H R 5T AXS I H AL P 52 B
HEATA DX 0 2 ) XPASE AU RE A% 52 )

(4)w/o ML (without Mutual Learning) XA AR AR
SCIGTE HyperMLBR B384l FASBR T 0 2 > Al 45
G L ) A B2 2] KA AR PR B 114 52

FELIRINFR A PR, AR AT 45

#4  1E Youshu Fl NetEase HCHE [ (17 Al S 5045 51

Tab. 4 The ablation experiment results on Youshu and NetEase

datasets

. Youshu NetEase
Recall@s  NDCG@5 Recall@s NDCG@5
HyperMLBR 0.1329 0.1233 0.0287 0.0260
w/o IV 0.0649 0.0627 0.0154 0.0145
w/o BV 0.1135 0.0978 0.0152 0.0121
w/o Hyp 0.1176 0.1109 0.0238 0.0212
w/o ML 0.1284 0.1182 0.0249 0.0219
w/o MP 0.1321 0.1227 0.0280 0.0251

(1) P s A B 2 A 500 . o T DA ] i A5
B 75 X B R R A DTR AR SO T T AR AR T
HyperMLBR w/o MP, i% 7% {445 % /¢ HyperMLBR
FERR T R A AR 3 AN AR (AR TE S $i a4 |
5 H BT AS [ M AR A R B 3 s IR BH AL
A S T oA T AR 6 22 1] 4 A R, B0 1]
T 1] P DR LA 5 P g sk A2 B g B E Y

DN

(2) B5 0 I B2 2 BEH AT 300 o T 1A
B2 SRR X P RE A STk, A SR T —
AR AR A R 2 12 o B T 2R T A L AR
SCRFZ AR ARSI FR A HyperMLBR w/o ML. 1% 728 (A5
TI7E NetEase B8 4E |4 Recall@5 I NDCG@5 $5 bx
3R W 13.24% F115.77% , 7F Youshu 3848 4 -
435 N B 3.39% K11 4.14%. 33X 3E R T 4245 P~ R0 I AR
HAE ) BB R, wio IV 1 wio BV P28 (4451
AU FE bR BT N [R)RR E 0 B, 3k d BH A B2 )
IR Z [alfE 38 T 3 B 2% 2 B 08, (H AL IR A B
TSRO T H B L3, ok w58 e Bt . ni BL7E
BEUR T B2 ) DR R S WAL R G 2 B
Fb B SR B A, 33 U BH 2 ) ARSI S (A5 A4 R
S PR EL 35 Y H Y

(3) HEB B R A B> T B2 ) i R R iR S
wlo Hyp A5 78 v | 1 A5 780 7 /i X 245 ) o g 7 6 7 45
Vi, 10 AR Al 45 14 5 XU 25 0] 98 4 — 20 % AR IR
FAITE NetEase 245 % I ) Recall@5 F1 NDCG@5 $§
B A3 R B 17.07% F118.46% , 1 Youshu $HE4E |-
i) Recall@5 FINDCG@S5 435 B 11.51% F110.06%.
AR PR AR R S B0 S B T RE O
HyperMBR. i 15t B E 1 1) SEARERA S 2R S B
(A SE At . AN SRARE TR 4 G 2 R AR B R A R A 1R
25, TN A B 110 000 235 SR 25 A R I AR X
AR S TEAR B 2] B i B A s o %y, i — 20
R T #iR , A S BURPERE T 1%
44 BEIJYRSH

N T R R H A SRR L AR SO T
TR OGS B SR A AT LA R B A )8 (1) P PR B TE
Y23 A v 2 5 ABE st v B BT 7 (2) AN A
R A s T 4% k2

T UE B TR S A S 1 22 ) 2R R
WIS I ke — s AR B A 28 5K, i o S A AR Y
logits , A< SCATALAL T I 25 3 ] KL I 2 1) 22 Akt £k
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I ] 2 1) — 2 KT A JE R TR 1A S22 b ok
BRIP40 0L . R, A 104> epoch FF R
T KL B 784k, 45 5 Q0B 2 IR . B 24 SR
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Fig. 2 KL distance changes of the two datasets during training
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Fig. 3 Comparison of the Recall@20 indicator in three views

5 &R

SRR R SRR 10 3 B, B SRt TH R 2%
AL R H WA 3 45 02~ fi ), 9 HLX

AT B4 27 2 A o) 2> el A e 2 A 4 R Ak, T
H P -1 H AL AN [l A AN ] ) S 2 A
A B 2 ST Gk L% i 2 A 7 45 R B T SRR T
ARBEA RN A A LI 25 B B, i Hoxk T AN A



662

R B R 24l (AR B2

5 44 %

00 B AR AL AN BRAR B X A ], AR
SCHE M T — OB A3 ) H A ST 1 AR 98 i A A
HyperMLBR , 1Z A5 A3 i:F (I A A B fin st 1 550 H 40
Bl i A 27 2 9805 FITHT L2 2] 45 2Kk eR B 1 PR
AL ) X J7 27 2] AR A A SRS R, 27 2
XA AL, e 2GR B BB SR Y B Y L R AR S
B R AROR e AR T AR A7 30
W R T B A 2 BB S A0 S Fi 20 B 1 — A A
TIE MR, i Bl T — S HEf i i AR B2
B iy B A,

& % X W

CHEN L, LIU Y, HE X, et al. Matching user with item
set: Collaborative bundle recommendation with deep
attention network [ C]//Proceedings of the Twenty-Eighth
International Joint Conference on Artificial Intelligence.
Macao: International Joint Conferences on Artificial
Intelligence Organization, 2019: 2095-2101.

HE Y, WANG J, NIU W, et al. A hierarchical self-
attentive model for recommending user-generated item
lists [C]//Proceedings of the 28th ACM International
Conference on Information and Knowledge Management.
Beijing: ACM, 2019: 1481-1490.

CHANG J, GAO C, HE X, et al. Bundle recommendation
with graph convolutional networks[ C ]//Proceedings of the
43rd International ACM SIGIR Conference on Research
and Development in Information Retrieval. Virtual Event:
ACM, 2020: 1673-1676.

CAO D, NIE L, HE X, et al. Embedding factorization
models for jointly recommending items and user generated
lists [C]//Proceedings of the 40th International ACM
SIGIR Conference on Research and Development in
Information Retrieval. Tokyo: ACM, 2017: 585-594.

KE H, LI L, WANG P, et al. Hyperbolic mutual learning
for Bundle recommendation [ C]// Database Systems for
Advanced Applications. Cham: Springer Nature Switzerland ,
2023: 417-433.

ZHAO S, WEI W, ZOU D, et al. Multi-view intent
disentangle graph networks for bundle recommendation [ J].
Proceedings of the AAAI Conference on Artificial
Intelligence,, 2022, 36(4): 4379-4387.

WANG N, SUN J, LI J. Cross-level relational graph
contrastive learning for bundle recommendation [cly
2023 IEEE International Conference on Web Services.
Chicago: IEEE, 2023: 112-117.

CHEN W, FANG W, HU G, et al. On the hyperbolicity

of small-world and treelike random graphs [J]. Internet

[9]

[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

Mathematics, 2013, 9(4): 434-491.
RAVASZ E, BARABASI A L. Hierarchical organization
in complex networks[J]. Physical Review E, Statistical,
Nonlinear, and Soft Matter Physics, 2003, 67 ( 2):
026112.
VIJAIKUMAR M, SHEVADE S, MURTY M N. GRAM-
SMOT: Top-N personalized bundle recommendation
via graph attention mechanism and submodular
optimization [C]// Machine Learning and Knowledge
Discovery in Databases. Cham: Springer International
Publishing, 2021: 297-313.
HE Y, ZHANG Y, LIU W, et al. Consistency-aware
recommendation for user-generated item list continuation
[C]//Proceedings of the 13th International Conference
on Web Search and Data Mining. Houston: ACM, 2020:
250-258.
WANG X, HE X, WANG M, et al. Neural graph
collaborative filtering [C]//Proceedings of the 42nd
International ACM SIGIR Conference on Research and
Development in Information Retrieval. Paris: ACM,
2019: 165-174.
YING R, HE R, CHEN K, et al. Graph convolutional
neural networks for web-scale recommender systems [ C ]/
Proceedings of the 24th ACM SIGKDD International
Conference on Knowledge Discovery & Data Mining.
London: ACM, 2018: 974-983.
B5E, WAL . T T 4R R G BRI 2% [ ] A
A4l , 2020, 31(4): 1101-1112.
DENG Q, WANG K, ZHAO M, et al. Personalized
bundle recommendation in online games [C]//Proceedings
of the 29th ACM International Conference on Information &
Knowledge Management. Virtual Event: ACM, 2020:
2381-2388.
VASWANI A, SHAZEER N, PARMAR N, et al
Attention is all you need [CJ//Proceedings of the Neural
Information Processing Systems. Long Beach: NIPS
Foundation, 2017, 30:5998-6008.
HE K, ZHANG X, REN S, et al. Deep residual learning
for image recognition [C]/2016 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). Las
Vegas:IEEE, 2016: 770-778.
HE X, LIAO L, ZHANG H, et al. Neural collaborative
filtering [C]//Proceedings of the 26th International
Conference on World Wide Web. Perth: International
World Wide Web Conferences Steering Committee,
2017: 173-182.
HSIEH C K, YANG L, CUI Y, et al. Collaborative

metric learning [ C ]/Proceedings of the 26th International



55510

XIGE , 45 UM s 1) B 2% 2 SR 2R HE A7 HyperMLBR

663

[20]

[21]

[22]

(23]

Conference on World Wide Web. Perth: International
World Wide Web Conferences Steering Committee,
2017: 193-201.

NICKEL M, KIELA D. Poincaré embeddings for
learning hierarchical representations [ EB/OL]. 2017
1705.08039. https ://arxiv.org/abs/1705.08039v2.

LI H, HESTENES D, ROCKWOOD A. A universal
model for conformal geometries of Euclidean, spherical
and double-hyperbolic spaces [M] Berlin: Springer
Berlin Heidelberg, 2001.

CHAMI I, YING R, RE C, et al. Hyperbolic graph
convolutional neural networks [J]. Advances in Neural
Information Processing Systems, 2019, 32: 4869-4880.
ZHANG S, CHEN H, MING X, et al. Where are we in
embedding spaces? [ C]/Proceedings of the 27th ACM

[24]

[25]

[26]

SIGKDD Conference on Knowledge Discovery & Data
Mining. Virtual Event: ACM, 2021: 2223-2231.

SUN J, CHENG Z, ZUBERI S, et al. Hgef: Hyperbolic
graph convolution networks for collaborative filtering [ C ]/
Proceedings of the Web Conference 2021. Ljubljana:
SIGWEB 2021 : 593-601.

WANG L, HU F, WU S, et al. Fully hyperbolic graph
convolution network for recommendation [C]//Proceedings
of the 30th ACM International Conference on Information
& Knowledge Management. Virtual Event: ACM, 2021:
3483-3487.

HE K, CHEN X, XIE S, et al. Masked autoencoders
are scalable Vision learners [ C]/Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. New Orleans: IEEE, 2022: 16000-16009.

TRZ)

(EHR&KXT



