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Introduction

0 Recommender systems help users discover items of interest
from a large resource collection

LRecommender systems are everywhere, e.g., Amazon, Quora,
Douban

LRecommender systems play a pivotal role in various online
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Introduction

O Real-world recommender system consists diverse
nodes/edges, known as heterogeneous graph.
Nodes: user, item, shop
UEdges: user—buy—i’gem, use\(—socj,al-user, \user—shgre—friend
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Introduction

O Share recommendation, which aims to predict whether a user
will share an item with his friend P(Friend|User, Item).
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Introduction

O Challenges in share recommendation

QRich Heterogeneous Information

UHandle the complex interaction information and utilize the diverse feature
information simultaneously

QComplex ternary interaction
UThe suitability of a share action, which evaluates the matching degree of <u, i, v>

LAsymmetric Share Action
QPu3|u2, i3)() Pu2|u3, i3)(x)
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Model

U Feature Embedding
QDynamic/inductive embedding
Reduce parameter complexity

|fU| fU
Xy = O'(WU - (k” e ) +bU)
=1

(¢) Tripartite Heterogeneous
Graph Neural Networks

(d) Dual Co-Attention

(e) Transtive Triplet
Representation



Model

Q Tripartite Heterogeneous Graph Neural Networks
QUnify structural and attribute information
dDiverse interaction -> multiple representations
QReal-time prediction |
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Model

1 Dual Co-Attention Mechanism
Qinteraction-aware attention weights
Discover diverse share motivations
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Model

4 Transitive Triplet Representation
QAsymmetry of share action
Qltem translating

Tyuio = |Zu + Zi — Zy|

1 Loss Function

gu,i,v = O'(W "Tyio+ b)

L — Z (yu,i,v ]-Og gu,i,v + (1 - yu,i,v) log (1 - gu,i,())) (a) Feature Embedding
wiveyY*tuy-



Experiment

dComparison Methods

Baselines

* LR/DNN/XGBoost

* GraphSAGE (NIPS17)

* IntentGC/IntentGC+ (KDD19)
+ MEIRec/MEIRec+ (KDD19)

dVariants
* HGSRec\:
* HGSRec \

dDataset
Dataset 3-days 4-days 5-days
#(u,i,v) in Training 3,324,367 4,443,996 5,611,531
#(u, i,v) in Validation 1,401,395 1,401,395 1,401,395
#User in Training 1,064,426 1,315,126 1,546,017
#Item in Training 537,048 679,784 818,290
#User in Validation 539,959 539,959 539,959
#Item in Validation 247,907 247,907 247,907
#Instances of U-s-U 13,419,250 16,622,210 19,596,190
#Instances of U-v-I-v-U | 26,838,500 33,244,420 39,192,380
#Instances of U-b-I-b-U | 5,367,700 6,648,884 7,838,476
#Instances of U-b-I 26,852,400 33,989,200 40,914,500




Experiment
L Offline Results

3-days 4-days 5-days
Methods 40% | 60% | 80% | 100% | 40% | 60% | 80% | 100% | 40% | 60% | 80% | 100%
LR 0.6756 | 0.6762 | 0.6726 | 0.6769 | 0.6758 | 0.6765 | 0.6768 | 0.6772 | 0.6762 | 0.6767 | 0.6772 | 0.6774
XGBoost | 0.7204 | 0.7214 | 0.7213 | 0.7218 | 0.7208 | 0.7211 | 0.7215 | 0.7249 | 0.7272 | 0.7254 | 0.7178 | 0.7214
DNN 0.7130 | 0.7120 | 0.7167 | 0.7203 | 0.7104 | 0.7133 | 0.7148 | 0.7180 | 0.709 | 0.7112 | 0.7146 | 0.7151

GraphSAGE 0.7055 | 0.7097 | 0.7086 | 0.7089 | 0.6982 | 0.6969 | 0.7046 | 0.7103 | 0.6911 | 0.6966 | 0.7125 | 0.7106
IntentGC 0.6223 | 0.6178 | 0.6220 | 0.6225 | 0.6187 | 0.6230 | 0.6311 | 0.6317 | 0.6260 | 0.6291 | 0.6311 | 0.6315
IntentGC+ 0.7315 | 0.7337 | 0.7392 | 0.7434 | 0.7387 | 0.7399 | 0.7422 | 0.7451 | 0.7414 | 0.7422 | 0.7453 | 0.7479
MEIRec 0.6494 | 0.6510 | 0.6530 | 0.6553 | 0.6545 | 0.6555 | 0.6566 | 0.6572 | 0.6519 | 0.6558 | 0.6620 | 0.6563
g METRGG+ mum | DuZ 6820 | ol 740 |uall 7706" puald. 7820 mpunl). ZAQ7 " st 0. el 5 e 0 a8 Vol (i) 3 o | Qe 58 | et 7205 [ salla7 GER" o 7TEE™ s

' HGSRec\ 444 0.8663 | 0.8695 | 0.8716 | 0.8726 | 0.8700 | 0.8727 | 0.8731 | 0.8751 | 0.8711 | 0.8723 | 0.8734 | 0.8759
I HGSRecy 4, 0.7817 | 0.7910 | 0.7950 | 0.7995 | 0.7640 | 0.7912 | 0.7709 | 0.7963 | 0.7822 | 0.7889 | 0.7883 | 0.8137
HGSRec 0.8684 | 0.8720 | 0.8736 | 0.8745 | 0.8705 | 0.8739 | 0.8743 | 0.8769 | 0.8727 | 0.8753 | 0.8772 | 0.8792
I Improvements | 13.0% 12.7% 13.4% 11.7% 13.1% 12.4% 13.7% 14.8% 14.0% 13.2% 14.5% 13.2%




Experiment
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Experiment

1Online Results
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Conclusion

Discover interesting problems from the real-world scenario.

LA simple yet effective model is welcome in the industry.
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