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Problem

(a) Social Network (b) Movie Network (c) Knowledge Graph

I Homogeneous Network (a)
I 1 type of node and edge

I Heterogeneous Network (b)
I ≥ 2 types of node and edge

I Knowledge Graph (c)
I triad (h, r , t)



Problem

I Input: a network/graph G = (V, E)
I Output: the representation of the network U ∈ Rn×d ,

d � |V|, d-dim vector ui for each node vi .

Goal: learn a mapping function f : vi → ui ∈ Rd
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Methodology



Method: word2vec(ICLR’13)

The CBOW architecture predicts the current word based on the
context, and the Skip-gram predicts surrounding words given the
current word.



Method: DeepWalk (KDD’14)

Pr ({vi−w , · · · , vi+w} \vi |Φ (vi )) =
i+w∏

j=i−w
j 6=i

Pr (vj |Φ (vi ))

Maximize the cooccurrence probability among the nodes that
appear within a window w , in a random walk.



Method: node2vec (KDD’16)

max
f

∑
u∈V

− log
∑
v∈V

exp(f (u) · f (v)) +
∑

ni∈NS (u)

f (ni ) · f (u)


I BFS. Immediate neighbors of the source node.

I DFS. Increasing distances from the source node.



Method: metapath2vec (KDD’17)

I meta-path based random walk
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I (heterogeneous) negative sample

p (ct |v ; θ) =
eXct ·Xv∑
u∈V eXu·Xv

, p (ct |v ; θ) =
eXct ·Xv∑

ut∈Vt eXut ·Xv
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Method: LINE (WWW’15)



Method: SDNE (KDD’16)

L1st =
n∑

i,j=1

si,j
∥∥∥y(K)

i − y(K)
j

∥∥∥2

2
=

n∑
i,j=1

si,j ‖yi − yj‖2
2

L2nd =
n∑

i=1

‖(x̂i − xi )� bi‖2
2 = ‖(X̂ − X )� B‖2

F



Method: GCN (ICLR’17)

Z = f (X ,A) = softmax
(
ÂReLU

(
ÂXW (0)

)
W (1)

)
L = −

∑
l∈YL

F∑
f =1

Ylf lnZlf



Method: GraphSage (NIPS’17)

I Mean aggregator

hk
v ← σ

(
W ·MEAN

({
hk−1
v

}
∪
{

hk−1
u , ∀u ∈ N (v)

})
I LSTM aggregator
I Pooling aggregator

hk
v = max

({
σ
(

Wpoolh
k
ui + b

)
, ∀ui ∈ N (v)

})
JG (zu) = − log
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σ
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))



Method: GAT (ICLR’18)
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Method: RHINE (AAAI’19)

f (p, q) = wpq ‖xp − xq‖2
2

g(u, v) = wuv ‖xu + yr − xv‖

L = LEuAR + LTrIR

=
∑

s∈RAR〈p,s,q〉∈PAR〈p′,s,q′〉∈P′AR
max [0, γ + f (p, q)− f (p′, q′)]

+
∑

r∈RIR〈u,r,v〉∈PIR〈u′,r,v′〉∈P′IR
max [0, γ + g(u, v)− g (u′, v ′)]



Method: HAN (WWW’19)

h′i = Mφi · hi , αΦ
ij =

exp
(
σ
(
aT

Φ ·
[
h′i‖h′j

]))∑
k∈NΦ

i
exp (σ (aT

Φ · [h′i‖h′k ]))
, zΦ

i = σ

∑
j∈NΦ

i

αΦ
ij · h′j


wΦi =

1

|V|
∑
i∈V

qT·tanh
(

W · zΦ
i + b

)
, βΦi =

exp (wΦi )∑P
i=1 exp (wΦi )

, Z =
P∑
i=1

βΦi ·ZΦi



Method: DynamicTrias (AAAI’18)

I Triadic closure process

P t
tr(i , j , k) =

1

1 + exp
(
−
〈
θ, x t

ijk

〉)
I Social homophily and temporal smoothness
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2
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Method: HTNE (KDD’18)



Application



Application: Node Clustering

I Setting

I Evaluation
NMI (C ,C ′) = MI (C ,C ′)

max(H(C),H(C ′))
H(C) is the entropy of C , and MI (C , C ′) is the mutual information metric of C and C ′ .

Yuanfu Lu et al. Relation Structure-Aware Heterogeneous Information Network Embedding. AAAI2019.



Application: Node Classification

I Setting

I Evaluation

Xiao Wang et al. Heterogeneous Graph Attention Network. WWW2019.



Application: Network Reconstruction

I Setting

I Evaluation
Precision@k =

|{(i ,j)|(i ,j)∈Ep∩Eo}|
|Ep |

Ep is the set of top-k predicted links, Eo is the set of observed links.

Daxin Wang et al. Structural Deep Network Embedding. KDD2016.



Application: Link Prediction

I Setting

I Evaluation

Yukuo Cen et al. Representation Learning for Attributed Multiplex Heterogeneous Network. KDD2019.



Application: Recommendation

I Setting

I Evaluation

Mingdong Ou et al. Asymmetric Transitivity Preserving Graph Embedding. KDD2016.
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Conclusion

I Existing methods summary

I Existing methods problem

I Future work
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