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Cross-domain recommendation via user interest alignment

Chuang Zhao Hongke Zhao Ming HE
College of Management and College of Management and Al Lab at Lenovo Research
Economics, Tianjin University Economics, Tianjin University Beijin, China
Tianjin, China Tianjin, China heming01@foxmail.com
zhaochuang@tju.edu.cn hongke@tju.edu.cn
Jian Zhang Jianping Fan
School of Cyberspace Security, Al Lab at Lenovo Research
Hangzhou Dianzi University Beijin, China
Hangzhou, China jfanl@lenovo.com
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data sets Douban Industrial Platform
Domains | Movie | Music| Book | Mall | Community
Users 2,712 1,672 | 2,110 | 35,233 29,355
Items 34,893 | 5,567 | 6,777 | 1,749 2,452
Interactions | 1,278,401 | 69,709 | 96,041 | 319,795 175,802
Density 1.35% 0.75% | 0.67% | 0.52% 0.24%
Tasks Richer| Sparser |Overlap
Task1| Movie Book 2,106
Douban Task2 | Movie Music 1,666
Task3| Book Music 1,566
Industrial Platform | Task4| Mall |Community| 3,146
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Task1 Task2 Task3 Task4

Algorithm Movie Book Movie Music Book Music Mall Community
Hit NDCG Hit NDCG Hit NDCG Hit NDCG Hit NDCG Hit NDCG Hit NDCG Hit NDCG
NMF 0.5445 0.3154 0.3916 0.2224 0.5445 0.3154 0.3959 0.2206 0.3916 0.2224 0.3959 0.2206 0.5850 0.3265 0.3793 0.2048
LightGCN 0.6174 0.3492 0.3805 0.2226 0.6174 0.3492 0.3528 0.2023 0.3805 0.2226 0.3528 0.2023 0.5848 0.2933 0.5119 0.2490
MVDNN 0.6382 0.3689 0.4654 0.2575 0.6414 0.3641 0.3965 0.2238 0.5104 0.2947 0.3923 0.2390 0.5963 0.3002 0.5211 0.2507
DTCDR 0.6420 0.3794 0.4302 0.2394 0.6197 | 042787 | 0.3593 0.2211 0.51087 | 0.3263F 0.2848 0.2017 0.5580 0.3109 0.3632 0.2643
DDTCDR 0.5937 0.3558 0.4436 0.2511 0.5921 0.3722 0.3467 0.2189 0.4540 0.2666 0.3086 0.2042 0.5135 0.2884 0.3729 0.1886
DML 0.6060 0.3638 0.4662 0.2662 0.6093 0.4059 0.3821 0.2287 0.4521 0.2616 0.42553F 0.2548F 0.5491 0.3181 0.4283 0.2124
GADTCDR 0.68171 | 0.42057 | 0.48827 | 0.30267 || 0.6818F1 | 0.4276 | 0.43837 | 0.24987 0.4492 0.2761 0.3571 0.1933 0.66541 | 0.40551 | 0.51737 | 0.2907F
CDRIB 0.6114 0.3301 0.4630 0.2772 0.6411 0.3578 0.4103 0.2272 0.5021 0.2654 0.2866 0.2038 0.5744 0.3007 0.4802 0.2814
COAST 0.6905 0.4271 0.5052 0.3174 0.6938 0.4292 0.4497 0.2515 0.5138 0.3293 0.4688 0.2712 0.6769 0.4073 0.5503 0.3195
Improvement | 1.2909% | 1.5696% | 3.4821% | 4.8909% || 1.7600% | 0.3273% | 2.6001% | 0.6805% || 0.5873% | 0.9194% | 10.2280% | 6.4364% || 1.7283% | 0.4439% | 6.3793% | 9.9071%
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Dynamic Graph Neural Networks for
Sequential Recommendation

Mengqi Zhang, Shu Wu, Member, IEEE, Xueli Yu, Qiang Liu, Member, IEEE, Liang Wang, Fellow, IEEE
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DGRN(TKDE'22)
2.Sub-Graph Sampling:

Algorithm 1: Sub-graph Sampling Algorithm

Input :Sequence S* = (iy,i2,--- ,ix), timestamp
sequence T" = (l,l2,--- , L), dynamic
graph G'*, and the order of sub-graph m.

Output: The m-order sub-graph Gy (L), 1. GBIk Eufin A — 48 fE, i, Sust B f ) s

1 // Initialization

2 UnssUsemp < 4}, Ty Tromp 4 ity yin}, j =0 IiH, 5N,

3 // Node samplin . . =

 whilej < mdo 2. ot TR0, BT B ATy — AN 2R A4
5 fori € Zy.pnp do . o W

6 | Utemp + UtempUN;; HBimHER, '—:JEENL'

L | e 5 Shenn \the 3. CL3 LR BAE o rE A R, T A R
if Uyermp = 0 th B e o

w | | Break 4. BEERME, AR ulInl1EGT (t)

11 for u € Uemp do

1z L Il.f:rrr.p — I.f.f'.m.pu-'l""'lzl

13 Item;tr — Itcmp \n I‘m
14 Im — Iml--]Itr?mp

15 if Tiermp = 0 then ( ,_ﬁ
16 | Break
7 | j=g+1

18 z'( ;’ Sub-graph generation i Ih
19 g'ﬂl(f’-i‘i] - [:MIH.? Im.}r H‘FFL!I!H. = gt;. .k 5 :
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L

Datasets Beauty Games CDs
4# of Users 52,024 31,013 17,052
# of Items 57,289 23,715 35,118
# of Interactions 394,908 287,107 472,265
Average length 7.6 9.3 27.6
Ijl.?'l"ISit}r [}Ul [,T"':J []04%} D-OSEH:I
He TR 2 .
PR R
Datasets Metric BPR-MF FPMC GRU4Rec+ Caser SASRec SR-GNN HGN TiSASReec HyperRee DGSR Gain I
Beaut NDCG@10 21.83 28.91 26.42 2547 32.19 32.33 32.47 30.45 23.26 35.90 10.56%:
cauty Hit@10 37.75 43.10 43.98 42 64 48.54 48.62 48.63 46.87 34.71 5240  7.75%
Cames NDCG@10) 28.75 46.80 45.64 45.93 53.60 53.25 49.34 50.19 48.96 55.70 3.92%
2aMmEs Hit@10 37.75 68.02 67.15 H8.83 7398 73.49 71.42 71.85 71.24 75.57 2.15%
cD NDCG@10 36.26 33.55 44 .52 45.85 49.23 48.95 49 .34 48.97 47.16 51.22 3.81%
5 Hit@10 56.27 51.22 67.84 68.65 71.32 69.63 71.42 71.00 71.02 72.43

1.41%




DGRN(TKDE'22)

Variant Ablation Beauty Games CDs
ariants
Long-term  Short-term NDCG@10 Hit@l0 NDCG@10 Hit@l0 NDCG@l0 Hit@10
DGSR-G GCN - 33.75 49.94 53.44 73.23 48.66 70.43
DGSR-R RNN - 34.81 50.90 54.70 74.73 49.57 71.22
DGSR-D DAT - 35.25 51.36 55.12 74.83 49.66 71.26
DGSR-L — Last 30.87 46.13 52.43 72.18 46.23 67.38
DGSR-A - ATT 34.76 51.00 54.30 74.32 48.78 70.09
DGSR-GL GCN Last 35.24 51.18 54.76 74.58 49.62 70.76
DGSR-RL RNN Last 35.47 51.68 54.86 74.84 50.26 71.24
DGSR-DL DAT Last 35.62 51.92 55.53 75.07 50.72 72.06
DGSR-GA GCN ATT 35.00 51.05 54.97 74.78 50.05 71.46
DGSR-RA RNN ATT 35.17 51.46 55.02 74.88 51.19 72.55
DGSR-DA DAT ATT 35.90 52.40 55.70 75.57 51.22 72.43
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(a) The framework of GNN on the bipartite graph (b) The framework of GNN on the unified graph
and social network graph separately. of user-item interactions and social network.
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Multi-Order Hypergraph Convolutional
Neural Network for Dynamic Social
Recommendation System

YU WANG! AND QILONG ZHAO?

'Key Laboratory of High Confidence Software Technologies of Ministry of Education, School of Computer Science, Institute of Software, Peking University,
Beijing 100871, China

“Tencent, Beijing 100193, China
Corresponding author: Yo Wang (wangyul 8 @pku.edu.cn)
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Ciao Epinions Yelp
Model Class Models MAE RMSE MAE RMSE MAE RMSE
Classic PMF (A) 0.9021 1.1238 0.9952 1.2128 1.1740 1.5323
NeuMF (A) 0.8062 1.0617 0.9072 1.1476 1.1368 1.3927
SoRec (B) 0.8410 1.0652 0.8961 1.1437 0.9571 1.2485
Social SoReg (B) 0.8611 1.0848 09119 1.1703 0.9487 1.2512
SocialMF (B) 0.8270 1.0501 0.8837 1.1328 0.9365 1.2061
TrustMF (B) 0.7690 1.0479 0.8410 1.1395 0.9270 1.1899
SASRec (C) 0.7791 1.0393 0.8414 1.1126 09177 1.1602
Dynamic SR-GNN (C) 0.7763 1.0375 0.8391 1.1027 0.9124 1.1589
CD-GCN (C) 0.7706 1.0281 0.8310 1.0904 0.9092 1.1534
DeepSoR (D) 0.7739 1.0316 0.8383 1.0972 0.9033 1.1452
DGRec (D) 0.7531 1.0127 0.8263 1.0846 0.8975 1.1301
Social+Deen Learnin TrustEV (D) 0.9388 1.2491 0.8151 1.0755 0.8755 1.1316
- P € GraphRec (D) 0.7387 0.9794 0.8168 1.0631 0.8621 1.1288
HOSR (D) 0.73721 0.9740 0.8177 1.0643 0.8412F 1.11277
ConsisRec (D) 0.7394 0.97221 0.80467 1.04957 0.8437 1.1204
Our Pronosal MOHCN 0.6988 10 0031 0.9362 1 0.0044 0.7905 00060 1.0327 L 0.0065 0.8272 0 0042 1.0920 10 0057
p Impr. 5.21% 3.70% 1.75% 1.60% 1.77% 1.86%
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Semantic and Structural view Fusion Modeling
for Social Recommendation

Kun Yuan, Guannan Liu, Junjie Wu, Hui Xiong, Fellow, IEEE
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pos: (w,v,71)
neg: (u,v',r), (u',v,7)
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Model Epinions Ciao yelp
MAE RMSE MAE RMSE MAE RMSE

NeuMF 0.7903(4-0.0039) 1.0707(+0.0113) 0.7168(+0.0110) 0.9832(+0.0135) 0.7885(+0.0027) 1.0281(+0.0037)
CUNE 0.8172(£0.0041) 1.0826(+0.0145) 0.7353(1-0.0049) 1.0005(+£0.0072) 0.7947(10.0037) 1.0409(+£0.0049)
IF-BPR 0.8045(+0.0016) 1.0707(+0.0026) 0.7302(+0.0054) 0.9957(40.0075) 0.7867(+0.0025) 1.0346(+0.0032)
SocialMF 0.8254(+0.0032) 1.0789(+0.0056) 0.7482(+0.0052) 0.9890(40.0076) 0.8037(+0.0034) 1.0368(+£0.0045)
TrustMF 0.8298(+£0.0028) 1.0954(+0.0062) 0.7416(+0.0055) 0.9917(40.0081) 0.8149(+0.0048) 1.0680(+0.0052)
TrustSVD 0.8035(+0.0028) 1.0557(40.0045) 0.7216(£0.0041) 0.9575(40.0065) 0.7802(+£0.0029) 1.0085(£0.0040)
ConsisRec 0.8029(+0.0023) 1.0541(+0.0036) 0.7252(+0.0043) 0.9581(+0.0069) 0.7829(+0.0023) 1.0145(+0.0037)
GraphRec 0.8029(£0.0019) 1.0656(+0.0037) 0.7253(4-0.0069) 0.9850(40.0081) 0.7900(4-0.0028) 1.0254(+0.0035)
Danser 0.7866(+0.0016) 1.0454(+40.0046) 0.7117(+40.0048) 0.9641(+0.0055) 0.7766(+0.0041) 1.0118(+40.0031)
S4Rec-SocialMF 0.7838(40.0031) 1.0441(0.0021) 0.7138(+0.0067) 0.9584(+0.0089) 0.7710(%0.0023) 1.0074(=0.0036)
S4Rec-TrustMF 0.7813(£0.0023) 1.0583(+0.0055) 0.7093(4-0.0075) 0.9717(40.0140) 0.7726(10.0075) 1.0251(+£0.0048)

S4Rec

0.7754(+0.0028)**

1.0396(+0.0046)**

0.7007(-+0.0052)**

0.9498(+0.0063)**

0.7643(-+0.0023)**

1.0026(+4-0.0028)**




4. R EEIRRIESE



R —ikE
HPH &7 mibdES —|:

”__[ﬁ@ F“'mﬂﬁﬁmﬁﬁmﬁﬁammm%a

[ ETFai0EEyeE ]7 REREARAPTERESTRIXFZNEEM

L—{;E@ﬁﬁg]—{:

HRTE

HEx%E

MARPEEF



KGIN(WWW'21)

Learning Intents behind Interactions with Knowledge Graph
for Recommendation

Xiang Wang!, Tinglin Huang?, Dingxian Wang?, Yancheng Yuan?, Zhenguang Liu?,
Xiangnan He"*, Tat-Seng Chua'
"National University of Singapore, “Zhejiang University, >eBay,
*The Hong Kong Polytechnic University, >University of Science and Technology of China
xiangwang@u.nus.edu, tinglin.huang@zju.edu.cn,diwang@ebay.com
{yanchengyuanmath,liuzhenguang2008,xiangnanhe}@gmail.com,dcscts@nus.edu.sg



KGIN(WWW'21)

Users

Interactions

Items

Uy
User Intents

User Intents
p1: [r1,72]
p2: [13,12]
P3: [12,74]

KG Relations «

A TR A 2

o TCIRAEAIRLIE A R B R P T H Ok &
o« TGVEAHH IR RO R IR B A I B )

ASLHIDTHR
7 TKG I 4825 58 T s 0 P P 2

e e R TR 5 B8 A R E

o IR T —AHIBIKGIN, ZBAE T GNNYE

= SR 1 A R R AR I AR SR
FRIFH P 5% 2%



s
Tr
gl
R
[
g-i
2

Intent Representation ¥ pAIKGH ) BT A 5% & i3t fTattention b ¥
ul? User Intents €= Za[r,p) €r €p = Z a(r,p)er.

) reR

eXP(er)
al(r,p) =
Il - . _m I i (r.p) 2reR exp(wrp)

r———— O T L

Commeonality of all users I

User Intent Modeling 7)32 //[\ ‘_E‘L ,f—‘é‘ J%\ ﬁ%‘ EE l%_‘ j:ﬁ %;ré

exp (s(ep,ep)/7)
Ep'e?-" exp (S(EP» "-‘p’)/f)

Linp = Z —log
peP

LD = Z dCor(ep, ep:)_
PP EP, pEY



KGIN(WWW'21)

RS

R A AR K

User Representation Item/Entity Representation

- 1 : 1
l -1 I -1
EL:' =V Z B(u,p) ep@ef ) e}:' = Al E,-G}EE, )
* (pDENy, " rv)eN;
ul@ le
‘ Flo vz.o
e

|E ntity-Relation-Entity Tripletsl

User-Intent-ltem Triplets

= K

X

R

% FEANF 7= R /\ﬁTl_JEI’J TR D

AT . BIESIAN T — MEEIPFK

X 7 = Blp i B ZE
FIREWE ERRE R

. EB?* | %ﬁKTuw&%/ﬁKGEﬁ:éﬂ,

I Ay POKE 3

HAbE R SEAARE Oy H R 1



IR R EHE

__.' vy (P1.71)

WESEZRERE, WERNBENEL.

e = fi({(el V. ep eI, 1) € M}
el = fia({(e{ ™ er el Ir0) € M)

e, = EEP + EEE ) + ef)

Final User [or ltem) Representation

E‘iﬂ?ﬁiﬂlﬂ AL, -
(0 ) (L) (0) (L) ¥ T %

* S

Lopr= ), —o(ui—du)  LxaN = Lepr + A1 LD + 12 10113
(wi,j)€0



KGIN(WWW'21)

Table 2: Overall performance comparison.

Amazon-Book Last-FM Alibaba-iFashion
recall ndcg recall ndcg recall ndcg
MF 0.1300 0.0678 0.0724 0.0617 0.1095 0.0670
CKE 0.1342 0.0698 0.0732 0.0630 0.1103 0.0676
KGAT 0.1487 0.0799 0.0873 0.0744 0.1030 0.0627
KGNN-LS | 0.1362 0.0560 0.0880 0.0642 0.1039 0.0557
CKAN 0.1442 0.0698 0.0812 0.0660 0.0970 0.0509
R-GCN 0.1220 0.0646 0.0743 0.0631 0.0860 0.0515
KGIN-3 0.1687" 0.0915" | 0.0978" 0.0848" | 0.1147* 0.0716"
%Imp. 13.44% 14.51% 11.13% 13.97% 3.98% 5.91%
0.170 0.099
F0.086
r0.091
_ D.168 _ 0.098
E -D.DBOE E ‘U.UEEE
L 0.165 \- < - 5 097 =
+r0.089 I
F0.085
0.163
v 0.096 A= ! . .
1 2 4 8 1 2 a B

number of intents

number of intents
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