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WWW20: Deep Adversarial Completion for Sparse
Heterogeneous Information Network Embedding

Heterogeneous information network (HIN) contains multiple types
of entities and relations. Most of existing HIN embedding methods
learn the semantic information based on the heterogeneous struc-
tures between different entities, which are implicitly assumed to be

complete {However, in real world, it is common that some relations

are partially observed|due ivacy n}ij‘z*n%a%%?s%gtﬁe;f]tmg in

a sparse network, in which the stiucta e Incomp le?g, and
the "unseen" links may also be positive due to the missing relations
in data collection| To address this problem, ‘TE’E{@]Q se a novel
and principled approach: a Multi-View Adversarial Completion
Model (MV-ACM). Each relation space is characterized in a single
viewpoint, enabling us to use the topological structural information
in each view. Based on the multi-view architecture, an adversarial

learning process is utilized to learn the reci rﬁgé{i.e., comple-
mentary information) between different rela%z{ s the[generator
MV-ACM generates the complementary views by computing the
similarity of the semantic representation of the same node in dif-
ferent views:|while in the discriminator,] MV-ACM discriminates
whether the view is complementary by the topological structural
similarity. Then we update the node’s|semantic representation|by
aggregating neighborhoods information from the syncretic views.
We conduct systematical experiments' on six real-world networks
from varied domains: AMiner, PPI, YouTube, Twitter, Amazon and
Alibaba. Empirical results show that MV-ACM significantly outper-
forms the state-of-the-art approaches f{::;:r both gﬂk prediction and
node classification tasks. mEn: SChwok
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(a) An example of HIN l (b) The multi-view architecture
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Figure 1: (a) an illustrative example of the network with both entities and relations heterogeneity. There exist two node types,
ie, user and item; three edge types, ie., friendship, browse and purchase. And the different interactions between users or
items may show the complementary information. (b) the corresponding multi-view network architecture, which facilitates
our study on exploring the reciprocity between relations.
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Figure 2: The overall framework of MV-ACM. It shows the learning progress for node v in view 2. Firstly, the view-semantic
representations of v in different views are produced by inner-view aggregation respectively. Then the generator generates
the complementary views by computing the similarity between these view-semantic representations; On the other hand, the
discriminator tries to discriminate whether the view is complementary by using the samples from true underlying distribution.
After generating the complementary view, taking 1 as an example, the representation of v in view 2 is updated by aggregating
neighborhoods information from view 1 to incorporate the complementary relations. Lastly, the meta-path-based skip-gram
is used to preserve the rich information of the HIN.
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Figure 8: Visualization for inference errors among different
methods. Best view in color.
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Figure 2: The impact of external factors on the regional flow
distributions. (a) We obtain Point of Interests (POIs) for dif- L -
ferent regions, and then categorize regions into different se-
mantics according to the POI information. (b)-(d) depict the

average flow distribution under various external conditions.
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Fig. 5: Examples of taxicab scheduling
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Figure 1: Overview of graph-based framework. We transform two

drugs Allopurinol and Amoxicillin into graphs, where nodes repre-
sent atoms and edges refer to chemical bonds between atoms, and
predict interactions between them. When there exists an adverse re-

action between them, they cannot be taken together.
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Figure 9: Case study on a superregion near Peking Univ. See
our github for further dynamic analysis on this area.
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Existing work/method mostly focus-on-....<

A-surge-of research has been performed-on xx«

A-lot-of efforts have-been'made-onxx¢

From -one-point-of viewlack -of multiple-datasets or-have poor-ability to-deal ‘with -missing values.<
state-of the-arts(gtoa)<

(BT —2si R CRERD Bh (T ©

envision- the- potential- of* rich- mobility- data- and - deep- learning - on - urban- traffic- prediction, - and-

discuss some pioneering -attempts<

XX Ol it T : which-is yet-to-be-explored-in-the research-community.«
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The-prevailing approach to clustering is to-optimize-a-specific-objective - function«

bR AFRE MR

a-central  challenge  in-video- prediction-is- that- the- future- 1s- highly- uncertain:- a- sequence - of* past-

observations-of-events-can imply many possible-futures<

POHE 0 B . (ATRURA MR R R 45D

the-action-of gridding has-already-broken the topological structure-of ‘the road network. - ¢
HETaETIS ) LAE: Few frontier-investigations focus-on-learning from-graph-structured-data.<

It-is-highlighted-thad ‘since-the-quantity-of fuel consumption-and-emissions is- generally -based-on- I
|thc-t1'a\a'cl-activities, Ithe -distribution-of-fuel consumption,-CO -emission-and-NOx-emissio
Is imilar to-the-di st1‘15ut10n-l>f travel distance.<

o
FUBE T xx il xx, I5F] T B m AHER R
Additionally, we-chose a-random road- network to- show- the results- in- details.- Here-we-compare-
XX (our'method) and XX(one-of the: baselines- ),-Whichl achieves-the- highest-accuracy among-
traditional methods.- ¢
[FRf, «
Meanwhile, the peaks-predicted by GBDT always have phase differences. ‘in-other words, <
GBDT is currently-the most-popular-shallow-classifier. GBDT /& B §i & ift T 17k 773588, «
BB xx LRI BT 55, B xx MBI, xx(BREAEN). 4 xx T
PR xxxo [RIUE, SRATAIBERA — AR AYHR T xxx.

— [ he number of

Our MetaNet mode]-

classes- increases (5-way- to- 20-way), overall- performance- of* one-shot- learners- decreases.- XX-

Iperformance-dmp-is ‘relatively-small-around-2% while the drop-for-othermodels range from XX to- I

XX.-As-aresult, ourmodel shows-an-absolute improvement-of xx.<
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¥, # - compare against/ comparison-against<
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Fnahi, EE HH - excessively«

22 B - alternately <

A B - immediately/instantly/ -promptly<

HH B3 - mutually«
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545 i - empirically/numerically«
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dependence- between - taxicabs-in-| Spatiotemporal-correlations-| a- graph-based- forecasting: [¢

different road-segments< in-traffic forecasting<’ framework-  capture:  the-
different time-slots<’ temporal- trend- and- spatial-
correlations. <
a
imbalanced- supply-demand- Dynamic-taxicab- operating-| order-driver value-score< <
distribution« business environment<’! context-aware- mechanism- to-

compute- the- optimized- route-
while:  select: the: less:
competitive- driver- to- accept-

the-current-order.<

low-quality user-experience< Incentive theory-is-the-core’| Bi-incentive strategy<’ <
and- low-service- delivery rate- in-| theoryinbehavioral science:| both- recommend- the-
peripheral urban areas.<! that deals: with- the| passenger- to- walk: to- nearest-

relationship- between- need,-| taxi- spot- and- improve- the-

motivation,” goal,, and‘| revenues-for-drivers-with-long-

behavior.<! pick-up distances.- <
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KDD19: Conditional Random Field Enhanced Graph Convolutional
Neural Network

KDD18: Graph-Based Deep Modeling and Real Time Forecasting
of Sparse SpatioTemporal Data

KDD19: GCN-MF: Disease-Gene Association Identification By
Graph Convolutional Networks and Matrix Factorization
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* http://home.ustc.edu.cn/~zzy0929/Home/
e zzy0929@mall.ustc.edu.cn
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