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Abstract: In recommender system, cold-start issue is challenging due to the lack of interactions between new users or new items. Such
issue could be alleviated via data-level and model-level strategies. Traditional data-level methods employ side information like feature
information to enhance the learning of user and item embeddings. Recently, heterogeneous information networks (HINs) have been
incorporated into the recommender system as they provide more fruitful auxiliary information and meaningful semantics. However, these
models are unable to capture the structural and semantic information comprehensively and neglect the unlabeled information of HINs
during training. Model-level methods propose to apply the meta-learning framework which naturally fits into the cold-start issue, as it

learns the prior knowledge from similar tasks and adapt to new tasks quickly with few labeled samples. Therefore, we propose a
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contrastive meta-learning framework on HINs named CM-HIN, which addresses the cold-start issue in both data level and model level.
In specific, we explore metapath and network schema views to describe the higher-order and local structural information of HINs. Within
metapath and network schema views, contrastive learning is adopted to mine the unlabeled information of HINs and incorporate these
two views. Extensive experiments on three benchmark datasets demonstrate that CM-HIN outperforms all state-of-the-art baselines in
three cold-start scenarios.

Key words: cold-start recommendation; heterogeneous information network; meta-learning; contrastive learning
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H b5 b 41,
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exp(SIm( ", '”)/z’) ,
Zexp(mm( ", ’”)/T)

Lmuln view
contrastive

=-log

a7)

e, sim(-) 55 AP #0 sim () — % 7 fCFi B B
2 F TN R0 075 3 B8 8 ) P 5 £ 6 B0 4% o B TE KR A 155 L3R4 T FRL P w 7E XL PRI L i

multi—view
u 4

RN z

Lm

unsupervised ~ " constrative

+L™ + Lmll[tl view (1 8)

contrastive *

G 5D
SR F RV RE 10 5 3R] B 545 3040 0l 1 220 [ e N P RO e 2 R RO ]

mulu view Tu\}ﬁ{mﬂg}i‘ u Xj”fr@ o i E’]{ﬁﬁ}f ﬁ

A multi—view _ multi—view multi—view multi—view
Fa=1(z 2! )=MLP(z, @z ) (19)

u

Hrh MLP ZXUZ 2 R EA6, @ RoRBRETRIE. £, 2030 KR 4L, y R EP S HEE T 2 2B
PP RS Al 22 560 T PP, e NGB B 453 2K B K DL 5 A ) s 4,
1 .
Lsupervised = |R7 z (’;ﬂ - ru,i)z’ (20)

u|ieR,

Hrh R, ={itn,, e R} Fom CABM T o bRRI0WE A, r, RAF u S § TS5 R, % 45K bR

A MBI IR R
XEF AN E RS T, 0% S R I BUR s B A B A B BB R B 4L,
LTu (9) = ﬂLM"-VllﬂerViSt’d + (1 - /1) L.vupervised > (2 1)

e 4 7 B W RO B3 ok BR B b B K 8 0.2, 0 SR 2 W T TR A 2 1 S 40
33 ETFHERNTES

2.5 A TS R o MR8 To o 537 SRS BB s, UL & DA Hb B 2 1 3 R 49 2100
Kk gi b2 K12 400,

0,'=0-&V,lLy (f2)- (22)

%Eﬁﬂﬁﬁﬁ%%%ﬁﬁ%i%éﬁ%ﬂ%y%%ui&¢%ﬁ%%éﬁ%ﬁ&

" T )= 2 (s} @3)
0=0-wv, Y L, (fgk). (24)
Ti~p(T) !

ZRE S, A S 0 0 T LU IE N AS A A 55
FETCIN KA K 0 15+ SCRPER BB AR 55 b MR SCRP 8 1 (K 38 2% o B ok 303 S 80K i 2 5N T &



i ATABDEAG RIS LRSS T

WA, VI ZRAT 2 F P 6 5 — W) K459 0 I 4
3.4 REEI S

X G2 2] 03 OB R 1 T B, B TSI ORI T 250 ) U . SR A ST T2 SIHERR H A IT R 1
£ TIN5 b A RS B SR AT N, 8 0 I mT DA G A A0k F) et SR AT I k. RIE, ety ST AE
ZRGRAN 1 X b2 3 o AR fROH: PR AT ST A2 1 55 A )

4 SCIGHT
41 HIEE
BAE=AH A TP B 5 4 1 B T S298, /0 73] J& DBook ' MovieLens Al Yelp® At 417 89 %4 5 1t

F1R.
F 1 SLIBIEE TR R R PR Y S S

LTS R R R RUliDEVe s i it [
User (U) 10,529 UB 649,381
DBook Book (B) 20,934 BA 20,934 99.71%
Author (A) 10,544 uu 169,150
User (U) 6,040 UM 1.000.209
MovieLens Movie (M) 3,881 MA 15,738 95.73%
Actor (A) 8,030 MD 4210
Director (D) 2,186 i
User (U) 51,264 UB 1.301.869
Yelp Business (B) 34,199 BC 34,199 92.63%
City (©) 310 BT 103,150
Category (T) 541 ’

DBook & — AN 2 A8 T A5 FE 0 2 B 4RO A5 85 H 1-5 174 . MovieLens /& Fi GroupLens % A7 [ 3 1
PR, AHET 1919 2 2000 F 1 HEE VRIS, P4 FIFETE 1-5 Z (8] Yelp tH2& — /N iz A0 i i Bl 4, & —
AT P BIVEA AR 1-5 Z ).

TEBEAS 4 45 AR 4 FH P B0 00 N B TRD B0 UK FT 23 B TR0, A B 0k 1) 1 2 o BT 10 4 P R o 43 S R
25 CAFAE B RE H I B s IR R P (o DR AR TE R R P (0 DR EG R B0 2:8.98 )5 RIS B AR 7
TG GREEFI TEI AR AE JC U R VI R O #52 CAZAE B9 A 7 F0 AR LE 4 it DL B AT 22 18] B 9743 4t )|
SR 10% M BE M N R AR LR35 e R 2R ke, EERAN NGRS R T, IIZRE G 72%, BIESE
8%, MRS 20%. 7T L7y Jy = Fh% Ja s 55 (1) 3 F P #E9E CAAFE IR (UC 7)) (2) 2 P HERE
R (IC 7 8);(3) 98 F P HERE Ml (UIC ] ).

BRI FEMAEMEICT N 13 2 100 M ATE 4 1 PR B 10 M 1R A B W8, R 1
AR % I SRR SR SRR I ORI [ 52 K A 2 B0 T v AT A M B T IR AR N K RN R
3. JCERAR IR SR AL, K <3 BIAETE T2 M 4% h I o AR 3 < i &, 6l n 18l 3 7R 1) UIDLUIALIDIUI
S5 K P AELE T W28 T ) O R A # 2 B SR BUR A 2.

4.2 Mg RE SRR

FEARSC A FRATR T = A8 BIVEAR 48 BR 10100 23 5l J& P #4465 4% % (Mean absolute error, MAE), 34 /71
%7 (Root mean square error, RMSE) I3 — 4L 4741 2 114X 25 (Normalized discounted cumulative gain, NDCG).
FATHHHAEF 9 5 1 1 NDCG,BI NDCG@S5. MAE {E X, RMSE {H IR, NDCG@35 e i AR AR 14 24 Rk

1 https://book.douban.com
2 https://grouplens.org/datasets/movielens/

3 https://www.yelp.com/dataset/challenge
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if.

N SRR A 1A ROME BRATTEERE T R A R A e R R T BN TR RS R T

®  FMPUR— NI FREAE (0 FEAE Y e vl DU P AR B 45 2 0K B B 3h B DR 5o R AR 1 8,9 R
K AHCN 0.1 (1) L2 1E 4k,

®  NeuMPMu 5 — AN FH 109 48 B 43 fif B B R 22 22 8 o 38 S B K 2 B8 1 (64,32,16,8), 2% ST R A
0.001.

®  DropoutNet! 72 — N3 T3 28 0 2% (LAY 22 3] R 45N 0.9, dropout R 0.5.

®  GC-MCPOUZE — A J 1 B 1) [ 3h 4 i 25 HE 22 DL ST [ b 4. 58 — J2 R0 58 - J2 1R Bk 24 e 43 ) L
A 500 1 75.Dropout [ ELA1 5 0.7.

AV ESE 7 — BT 7S B W RN MR B S AT BT I R A S sh i g 5.

®  Metapath2vec™ 3 [ 3 T Bl LI A ) 70 2% 4% 25 21 35 s 3R BE ML & MK FE 1R 40, B8 WL & 4
%~ 10,Word2vec & H I RK/NEN 3.

®  HANPRIFH 2 ik 2 1 R AR T s GRE SRS Bk = I3k B 3,2 X1 BA 0.005,dropout
ERN 0.6.

AR TR B A B s AR A,

®  HEReclV& — /N 57 5 5 5 W0 48 HEFE () 57 JR X 4% R B g b R 1 S 8 o R B 1B
1.0, H AR B LY E (1) % € 55 Metapath2vec — .

®  MvDGAE" 7E 5 i {55 B W 2% FoRFH 2 40 P 11 2 0 1 4 ) 8 S A2 e v J 380 ) K 2 51 6824 0,005,
FoRYEFE BN 128,dropout RN 0.4,

s S AT SR T 70 5% 20 10 J8 B BB A g i A Y.

®  MetaEmb!JE — A A 15 Z(Click through rate, CTR) T H 7T 2 SRR 6 R o W9 0.1.

®  MeLU'RTEHER RS R MAML AE S A e v 3 3l il 0L 75 2 R 546 2 340 1y 64 /1 051 AS i 5 97 25
BN L.

®  MetaHINU'2U& —ANE 5 45 BN b 2R F J6 5 ST iR e v Ja 20 el IR AR 2R SRR (I 4k BE 1R 32,002
>4 0.0005.

4.3 SLIGHTS

FAEF H & N A AL 1+ (Adaptive moment estimation, Adam)>RAt4t CM-HIN. X T BT i) Bdi 48,5 — it
WIK/ANE 32453805 21 26150 0.0005, 4% 4 2 =) ZRAZH 0.01, A B3 IR B0 149 sS3RvR 10 B 48 2
BN 641 ESE BN 0.07.FKATKH pytorch Fl python KiIiZ4T CM-HIN.K H B £F % % N Intel(R)
Core(TM)i7-10700K CPU+RTX 3090 GPU, N 47 64G. 2R FH I 45:4E &4t 4 Ubuntu 16.04.1.

4.4 LWHERSHH

EAT 1y T IR AERE R (A S, A1 CM-HIN 78 = AN A TP 8 4E 5 & AN Sh ik i R uE i R 47 L
B ALFE=ANA B EE B UC,IC A1 UIC L& 3R B 2 5t

T2 UCHBRTFEAEIEE LRZmss 1.

R DBook MovieLens Yelp
MAE RMSE NDCG@5 MAE RMSE NDCG@5 MAE RMSE NDCG@5

FM 0.7027 0.9158 0.8032 1.0421 1.3236 0.7303 0.9581 1.2177 0.8075
NeuMF 0.6541 0.8058 0.8225 0.8569 1.0508 0.7708 0.9413 1.1546 0.7689
DropoutNet 0.8311 0.9016 0.8114 0.9291 1.1721 0.7705 0.8557 1.0369 0.7959
GC-MC 0.9061 0.9767 0.7821 1.1513 1.3742 0.7213 0.9321 1.1104 0.8034
Mp2vec 0.6669 0.8391 0.8144 0.8793 1.0968 0.8233 0.8972 1.1613 0.8235
HERec 0.6518 0.8192 0.8233 0.8691 0.9916 0.8389 0.8894 1.0998 0.8235
HAN 0.6537 0.8265 0.7921 0.9472 1.1402 0.7176 0.9438 1.1518 0.7500
MvDGAE 0.6009 0.7168 0.9059 0.7798 0.9526 0.8734 0.7814 0.9281 0.8635




i ATABDEAG RIS LRSS T

MetaEmb 0.6782 0.8553 0.8527 0.8261 1.0308 0.7795 0.8988 1.0496 0.7875

MeLU 0.6353 0.7733 0.8793 0.8104 0.9756 0.8415 0.8341 1.0017 0.8275
MetaHIN 0.6019 0.7261 0.8893 0.7869 0.9593 0.8492 0.7915 0.9445 0.8385
CM-HIN 0.5879 0.7054 0.9154 0.7645 0.9489 0.8845 0.7741 0.9184 0.8845




Z M ATARBRHIRENF AT &R L TF )
F=3 ICH=T=EAEE%E Bkl
o) DBook MovieLens Yelp
MAE RMSE NDCG@5 MAE RMSE NDCG@5 MAE RMSE NDCG@5
FM 0.7186 0.9211 0.8342 1.3488 1.8503 0.7218 0.8293 1.1032 0.8122
NeuMF 0.7063 0.8188 0.7396 0.9822 1.2042 0.6063 0.9273 1.1009 0.7722
DropoutNet 0.7122 0.8021 0.8229 0.9604 1.1755 0.7547 0.8116 1.0301 0.7943
GC-MC 0.9081 0.9702 0.7634 1.0433 1.2753 0.7062 0.8998 1.1043 0.8023
Mp2vec 0.7371 0.9294 0.8231 1.0615 1.3004 0.6367 0.7979 1.0304 0.8337
HERec 0.7481 0.9412 0.7827 0.9959 1.1782 0.7312 0.8107 1.0476 0.8291
HAN 0.6619 0.8358 0.7787 0.9147 1.0857 0.7273 0.8126 1.0286 0.7574
MvDGAE 0.6122 0.7406 0.8947 0.8566 0.9789 0.8442 0.6952 0.8543 0.8827
MetaEmb 0.6741 0.7993 0.8537 0.9084 1.0874 0.8133 0.8055 0.9407 0.8092
MeLU 0.6518 0.7738 0.8882 0.9196 1.0941 0.8041 0.7567 0.9169 0.8451
MetaHIN 0.6252 0.7469 0.8902 0.8675 1.0462 0.8341 0.7174 0.8696 0.8551
CM-HIN 0.6024 0.7354 0.9041 0.8412 0.9701 0.8564 0.6815 0.8411 0.8994
Fz 4 UICHEF T =R B simes R
A DBook MovieLens Yelp
MAE RMSE NDCG@5 MAE RMSE NDCG@5 MAE RMSE NDCG@5
FM 0.8326 0.9587 0.8201 1.3001 1.7351 0.7015 0.8363 1.1176 0.8278
NeuMF 0.6949 0.8217 0.8566 0.9686 1.2832 0.8063 0.9860 1.1402 0.7836
DropoutNet 0.8316 0.8489 0.8012 0.9635 1.1791 0.7617 0.8225 0.9736 0.8059
GC-MC 0.7813 0.8908 0.8003 1.0295 1.2635 0.7302 0.8894 1.1109 0.7923
Mp2vec 0.7987 1.0135 0.8527 1.0548 1.2895 0.6687 0.8381 1.0993 0.8137
HERec 0.7859 0.9813 0.8545 0.9974 1.1012 0.7389 0.8274 0.9887 0.8034
HAN 0.6588 0.8339 0.8003 0.9467 1.1404 0.6907 0.8320 1.0323 0.7559
MvDGAE 0.6201 0.7433 0.9054 0.8496 0.9869 0.8553 0.7074 0.8523 0.8722
MetaEmb 0.7733 0.9901 0.8541 0.9122 1.1088 0.8087 0.8285 0.9476 0.8188
MeLU 0.6517 0.7752 0.8891 0.9091 1.0792 0.8106 0.7358 0.8921 0.8452
MetaHIN 0.6318 0.7589 0.8934 0.8586 1.0286 0.8374 0.7195 0.8695 0.8521
CM-HIN 0.6101 0.7354 0.9114 0.8387 0.9741 0.8674 0.6977 0.8428 0.8857
x5 ARG AEEE LR SRR,
R DBook MovieLens Yelp
MAE RMSE NDCG@5 MAE RMSE NDCG@5 MAE RMSE NDCG@5
FM 0.7358 0.9763 0.8086 1.0043 1.1628 0.6493 0.8642 1.0655 0.7986
NeuMF 0.6904 0.8373 0.7924 0.9249 1.1388 0.7335 0.7611 0.9731 0.8069
DropoutNet 0.7108 0.7991 0.8268 0.9595 1.1731 0.7231 0.8219 1.0333 0.7394
GC-MC 0.8056 0.9249 0.8032 0.9863 1.2238 0.7147 0.8518 1.0327 0.8023
Mp2vec 0.6897 0.8471 0.8342 0.8788 1.1006 0.7091 0.7924 1.0191 0.8005
HERec 0.6794 0.8409 0.8411 0.8652 1.0007 0.7182 0.7911 0.9897 0.8101
HAN 0.6382 0.8249 0.7860 0.8968 1.0848 0.7377 0.7925 0.9943 0.7638
MvDGAE 0.5634 0.7069 0.9114 0.6987 0.8859 0.8801 0.6921 0.8339 0.8829
MetaEmb 0.7095 0.8218 0.7967 0.8086 1.0149 0.8077 0.7677 0.9789 0.7740
MeLU 0.6519 0.7834 0.8697 0.8084 0.9978 0.8433 0.7382 0.9028 0.8356
MetaHIN 0.6393 0.7704 0.8859 0.7997 0.9491 0.8499 0.6952 0.8445 0.8477
CM-HIN 0.5541 0.6841 0.9215 0.6741 0.8745 0.8984 0.6871 0.8247 0.8954

R 2~32 5 R 1 BL DA S SRR

AR T B AR A AEAL LT CM-HIN R BE L4 o A2, o f 475 1o 23 48 2 E i ik 17 e g A2 L

e ATERSIE b WAL R S SR SR B R SRSy A RS

25 B R 45 SRR W B i I 45 R, N RIS OR B I 45 3L
BEXE A ¥ )58 B 5L CM-HIN AR T A SR A IAS 1 foc i (0 45 2R A% G2 05 1 i) S B 4

& 2z 1L, R
BT R K R 4 (S BAE S B ARAE, RS T 5 AE B 4 P A ORI 4% S5 R4S LB T R
5 5 P 285 P A5 B AT L ECAS A SR A5 e PR B BB T HIF B T R P G B A5 T DATE — 5 2 AR AR X 4% ()4 SORH =i o 25
FIE BB T MVDGAE Z4h, LR M EET J 515 B 45 1455 B0 08 95 15 45 00 W B 2 I i X, 2288 T 7674 3 3 )
J R S AEAE B VN S5 R0 A B R 1 22 5 P R 6 o 19 7 1k AT LA S A R Ak )1 2 R A KR 2 e 0 1) R

T A B F- o0 2 SR 7 i m I T B T MvDGAE K& T 75 B & AL MvDGAE Lﬁi@@?&ﬁﬁﬁﬁ
T4 B 09 77 2R v 3 3 1) B B T B AR EN AR B2 T CM-HIN 11 81X 2 F 2 MvDGAE (UK

HHTE R



7t & R TARBHMA T &MU AT

BEXTAE B 31 5L,CM-HIN MRS T iRt (0 45 R AR AR R B sh 32 5L ER IER 1 s, 8 4
AR A 5 M, AT I IB 45 s B 2 A 1 D o) 5 A6 QL P SAR R N A2 20 7 1 5 0 46 ) i SR 46 5 I8 T LA OGE
o AL A1 55 e 14 ST 6 A [ IR, £ R P e A A ) 2% A8 A0 ) ) o A v, SR PR B 2 30 8 0 FE A I 46 R KR
I TCARREAR 5, 8 75 A B i A28 B0 5 v R
4.5 JHERAS

SHE AT it 2 A DA 6 A A 2R e A () PR R B P BT AR A 0 B AR AL L TR D T i) B A 41 U R R e K
RO A R BRATBE T T PR R AR B Neighbor 2 ] 25 B 1T 4R80T, I DUJIR BRIRSE B 27 5 5 i 3%
7 Know R B LB 1 R1RBRATH, A DLAR S R 2 5] 3 i S 8 AR I 45 B QAL B D T B8R 5 T RO
b2z ST B4R AYLIRATT 8L 1 BB AE il Drop”, & L #AE W 28 A 3Q s ] 1 A ST A9 GNIN 2 i % 2E 4711 56

9T 73 BRAE TG A AL PR IR A G I A A L BRATT e o 17 PSR, 03 & MP™ A NS i B0 T0 %
TERL IR B, A DA 2% 58 QA B 1 2, ) 385 AT 0 4 e, R L Te B A2 A B 1T 4.

B Je 9 T BIE TG 2 HE SR A R, BATR A T — A2k BM, & HCER A 2 LI 2 50 i a2 4T 1 25, A
HATILE .

%= 6 UIC 155 T #J CM-HIN 5 g2 #r

R DBook MovieLens Yelp
MAE RMSE NDCG@5 MAE RMSE NDCG@5 MAE RMSE NDCG@5

Neighbor 0.6197 0.7489 0.9095 0.8418 0.9802 0.8608 0.7095 0.8497 0.8786
Know” 0.6189 0.7485 0.9088 0.8421 0.9812 0.8601 0.7085 0.8481 0.8797
Drop” 0.6151 0.7398 0.9108 0.8401 0.9768 0.8647 0.7005 0.8452 0.8821
MP” 0.6211 0.7597 0.9014 0.8487 0.9912 0.8504 0.7215 0.8595 0.8699
NS” 0.6204 0.7541 0.9028 0.8477 0.9908 0.8513 0.7199 0.8545 0.8725
BM 0.6254 0.7611 0.8971 0.8542 0.9974 0.8412 0.7241 0.8641 0.8641
CM-HIN 0.6101 0.7354 0.9114 0.8387 0.9741 0.8674 0.6977 0.8428 0.8857

6 BR T UIC 155 T ITH Mo T SE86 25 5K B TE = AME 570 R, SR iR 25 L BAG AR L 35 IR e A R
7~ UIC 3% T 195250 45 A Neighbor 1 Know 7 =44 &£ E# S5 T CM-HIN,IX 3t 7 7o B AR L I 2R &7
FHAR SRS A0 KR S5 AT DA B A A B TR, Drop .45 T CM-HIN, IX 1t B ¥ 2% 458 xR0 1 e 5 T 251 A0t
bl 2 I M T B4 F GNN 4 i, 76 1538 ) 24 45 M0 45 2 i TR I, 8 20 R 7 B RS 2 45 6. MP I NS85 K g &2
2T CM-HIN, B8 & AT 5= — LB A A ) S 06 45 S 7= A B K (0 g, iE— 2P AE S 7 CM-HIN £54 R F oo ik
PRI e B 2254 5 D) 28 =X (0 A 1 25 1) PR AR 35 . BML 1 P 2R AR A BRUAR T B 22 I 45 SRR T o0 SIRE R AE il vt
VA JE By 10 B A 3
4.6 BEIH

I 5 FRATIRT AN [ (¥ 2 g £ 00 18078 ST 235 SR 10 5 i [R) B 1R, R A AN ) (R 74 J5 3l 3 5 4 SR 34 284U,
TATODOE R UIC 50 T I SE30 45 R BRATIREL T = AN SHOHAT 2087, 79 53l 2 A i 58 (0 DB SRR I K /N A
FoR Y E K.

1.1

1 DBook —— DBook —+—
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0o Yelp w&mm ; Yelp - elp
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Bl 5 JEoR T AR (R 1 5 35 B0 Sz 0 2 T 11 5% 0 A b BT IR S 80 09 1-5. 7] DU 31 570 S0 A b B 57
VR 5 5 AN 1 23 508, TR bk, IR R 3B — AR b B 7 ol AT ARG S 74 I B3 s T I P A R I TR T
=] 5&

K 6 IR T AN [F Y SZ FR R RN S 3G R B B2 32 FR R K/ B 54 104 20, 40, 80.71 LLE 3 Bt %
SCRRER ) /NI G I B A SR — B AR T (R B AR R FH A BR,NTIE R T CM-HIN 7] BATERE /N S R4
T AR BT B R SR AR & AR s ) B i L

B 7 JBR T AN [E I 1) 2 3R 7R 2 P X S 30 R B 52 48 B (1 /N BEN 164 324 644 128, 256.71 LLE %,
Bifi 6 4 P R /N IN 2 64,158 10 1) 3R B B T, 2 J5 A5 20 1) R BB AR 2 R R X U HH 64 4 1) K/ B4 AT PR
Ut B R [ 2 R AL
4.7 BB

2T FRATT AR TR 2 AR ) S B BEAT 0 AT SR IR AE UIC 375 1 54T, S8 bb 50 A 28 2 28 SR A 4 (1) %6 1
T EBE AT B HERecw MvDGAE. MetaEmb. MeLU Fll Meta-HIN. & #E#7 [K) R 25 84N Action,
AT AR B, R CM-HIN H#E3E 1 [F) 282 1) B s RV RS HERE ) 3 — 2D IR 1 A 20 1) A A1k

=7 BT

It

MovieLens
A UserID MovielD [EER 2 Spil
HERec 33 67 Crime
MvDGAE 33 1023 Thriller
MetaEmb 33 1183 Adventure
MeLU 33 578 Thrille
MetaHIN 33 876 Crime
CM-HIN 33 1354 Action

4.8 WES

AT BATI AR )R AT /00, 2 s TR AL 2 (ARid N Train) FIHERE (FRic°A Inference) BBt
138 4T I 8] FRATAN 5 80 R BT 1025 18 1 V8 8 sl s T A 2 0847 L % B HERec MVDGAE. MetaEmb. MeLU
A1 Meta-HIN. fH T HAR B N335t 5 UIC 35t TR M BEAR AL, IR BE FRATIN % & UIC 5 FRIIBATIE . M3
7,07 LA 3,76 ¥4 )8 3 75 i, CM-HIN 11217 B (A4 b HERec /5, [ B 1 45 B 4 v I R o



Zria & B T4 BFHIEG T &MU ILAF )

= 8 RN SR AHEEE YZ 1T 1E] (s/epoch) .

DBook MovieLens Yelp
il
Train Inference Train Inference Train Inference

HERec 70.4 1.9 20.5 1.8 108.5 2.4
MvDGAE 175.3 6.5 98.4 4.4 280.5 7.8
MetaEmb 119.9 3.5 65.4 2.9 200.4 4.4

MeLU 100.4 2.5 50.1 2.3 180.5 3.6
MetaHIN 150.4 4.9 80.5 3.5 230.2 5.5
CM-HIN 90.5 2.4 34.4 2.1 140.6 3.1

5 B &
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PO Bl 2 2] 4230 W 2% 1) To AR 2845 2, F 4K 2 A T Ox Bl 2 0 8 6 T AN AL IEI SRA5 HTP AN0 i B 20 0 e R % 20
1 &5 3 A A2 O 2 SIMESR vh A R TR T 7 JR B HERE i) AL =S A TT BEHERE AR L EAT =N R B 5 N
X EE S, CM-HIN (1S3 85 R AT P SR LA R 0 AIE 1 P S A 70 (1 A Rk
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