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Graph Embedding Method

= Graph Embedding
= Converts graph data into a low dimensional feature space,
» Preserving topological structure, vertex content
» For classification, clustering, link prediction, ...
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Graph Embedding Method

* Previous methods
* Probabilistic models
= Matrix factorization-based algorithms
» Deep learning-based algorithms

= Typically unregularized approaches
= Often learn a degenerate identity mapping

= |gnores the data distribution of the latent codes
» Poor representation in real-world data
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Graph Embedding Method with Prior Data Distribution

= Solutions
= Regularization to the latent codes to follow prior data distribution
= Generative adversarial based frameworks for robust latent representation.

(a) Latent Distribution by Label for AE (b) Latent Distribution by Label for VAE

» ARGA: Adversarial Training scheme

» ARVGA: + using Variational Graph Encoder
= Minimizing reconstruction errors + latent codes to a prior distribution
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Brief Generative Adversarial Networks
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= Generator
» Generates fake samples
= Tries to fool the discriminator

= Discriminator
» Tries to discriminate real/fake samples
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Overall Framework
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Framework — Encoder
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» Encoder: GCN
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» 2-layered architecture
n7(D) — fRelu(X:A|w(O)); 7(2) — flinear(Z(l);A|w(1))
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Framework — Encoder
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= Variational Graph Encoder: Z?) = 1, logo
"U = 7@ = flinear(Z(l)»A|w(1))»10ga — flinear(Z(l)rAlwl(l))
= q(ZIX,A) = [T (71X, A); q(z]X, A) = N(z;|w;, diag(a?))
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Framework — Decoder
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= Decoder
= Can reconstruct A, X, or both.

Discriminator

= Tries to reconstruct the topological structure from latent Z
* Train a link prediction layer based on the graph embedding

. p(ﬁij = 1|z, zj) = sigmoid(z;,z), 4 = sigmoid(ZZT)
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Framework — Decoder

q(Z|A,X)

=
e «
. oee )
. e 3
e e

. “

Encoder

Z'~p2)

Z~q(2)

Fake

Real

— > | Input

» Graph Autoencoder Model Optimization

» For graph encoder,

» For variational graph encoder,
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Discriminator

|£n = Eq(z/x,a)) [log IJ(MZ)]'

|£1 = Eyzix.a) [log p(A|Z)] — KL[¢(Z|X, A) || p(Z)]}
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Framework — Adversarial Model
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= Discriminator: tries to discriminate
/ —
=Z'~p(Z) = N(0,I) min max E,.p. [108D(2)]+Ex-po l0g(1-D(G(X, A)))

= 7~G(X,A)
= Encoder: tries to fool the discriminator
= G(X,A) - N(0,])
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Overall Algorithm, Experiments

Algorithm 1 Adversarially Regularized Graph Embedding

Require:
G = {V,E, X}: a Graph with links and features;
T': the number of iterations;
K: the number of steps for iterating discriminator;
d: the dimension of the latent variable

Ensure: Z € R™*¢

l: foriterator=1,23,------ , T do

2:  Generate latent variables matrix Z through Eq.(4);

3 fork=12,------ , K do

4: Sample m entities {z'"), ..., z("™} from latent matrix Z

5 Sample m entities {a'?), ..., a'"} from the prior distri-
bution p-

6: Update the discriminator with its stochastic gradient:

Vo> llog D(a) +log (1 - D(z))]

end for
7:  Update the graph autoencoder with its stochastic gradient by
Eq. (10) for ARGA or Eq. (11) for ARVGA;
end for
8: return Z € R™*?
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Pros & Cons

" Pros
= Simple, intuitive approach for robust latent representation
» Used generative model-based approach

= Cons
* No theoretical evidence for using 2 approaches
» Abuse of adversarial model — sufficient with using VAE
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* https://github.com/illhyhl1111/ARGA
e (forked from https://github.com/Ruigi-Hu/ARGA)

EH_'T'_—I'?'_— NAZ7F 370t LEAA AEE 2 EIIAOH, run.py H
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https://github.com/illhyhl1111/ARGA
https://github.com/Ruiqi-Hu/ARGA
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AE Ax
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AE Ax
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AE Ax
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