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Problem Statement

» Goal: Learn sparse node embeddings for graphs.

> Motivation:

= Can be used for downstream machine learning tasks —
link/edge prediction, node classification, community I
discovery.

» Some notation

= Consider a graph associated with an adjacency matrix:
A € {0,1}1VxN}

= Additional side information associated with each node:
X e R{NXD}

encode node
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Some EXxisting Work

* Probabilistic Methods:
» Asimple class of models: Stochastic Block Models (SBM) [Nowicki & Snijders, 2001]
z; ~ Multinoulli(nt) Ay jy ~ Bernoulli(z] Wz;)
» Overlapping SBM (OSBM) [Miller et al., 2009] — participation in multiple cochromemmunities.
- Latent Feature Relational Model (LFRM), z; € {0,1}¥ K — o
Z ~ IBP(@); Agesey ~ N(0,05); Ay jy ~ Bernoulli(a(z] Az)))
« Can handle uncertainty & missing data better.
* Interpretability can be achieved by suitable choice of prior.

« Uses iterative inference methods (MCMC, VB), not easy to scale. ®

« What about Variational Graph Autoencoder (GVAE) [Kipf & Welling, 2016] ?
» Encoder — Graph Convolutional Network (GCN)
» Decoder — Link prediction: a(zf zj) or Node classification: softmax(g(z))

 Fast and scalable
» Generative method + Uses deep NN = Best of both worlds? No

 Embeddings are often not interpretable. &
« What should be the size of the latent space? ®
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Deep Generative LFRM

We propose DGLFRM — Deep Generative Model for
Graphs

Unification: Interpretability of SBM + fast inference
via Graph Neural Network.

Node embedding (z,,) Is the element wise product of
two other latent variables: z,, = b,, © ;.

b,, € {0,1}¥ defines the node-community
memberships (cluster assignments). This allows the
model to infer the “active communities” for a given

(K).

r, € R defines the node-community membership
strength.

@k
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Deep Generative LFRM

Generative Story

Membership vector (b,, € {0,1}¥) o o

« Stick-breaking IBP
* v, ~ Beta(a,1), k=1.2,..,K

° T = §=1 Vj, by ~ Bernoulli(my) e
« Membership Strength (r;, € RK)
e 1, ~N(0,1)

Node embedding: (z,, = b, ©® 1,)
fn = f(z,), where f is a multi-layered perceptron.

p(A{nm}Vn:fm) = U(fanm)

G

Posterior: p(v, b,r|A, X)
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Deep Generative LFRM

Inference Network

 Full mean-field approximation: Approximate the true
posterior with the variational posterior.

* qp(, b, 1) = [Tik=1[Tn=19¢ Wni) 4 (bnr) qp (rux)

* qp(Vnk) = Kumaraswamy(vpy|cy, di)

° q¢(bnk) = BernOUIli(bnklﬂk)

. qcp(Tnk) = N (uy, diag(c?)) 0 o @ 0

« Kumaraswamy can be re-parameterized and act as a

reasonable approximation for Beta. For Bernoulli, we use
continuous relaxation (Concrete Distribution).
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Deep Generative LFRM

Learning

« Since the vanilla mean-field ignores the posterior dependencies among the latent variables, we
considered Structured Mean-Field: g4 (v, b, 1) = [1%_4 qp i) [Th=19¢ (bni|v)qp (rur)

» The only difference from the Mean-field approximation is that v is now a global variable (same for
all nodes); byk|v ~ Bernoulli(my,).

* We can maximize the following ELBO:

N N

Z 108 Do (CAnm| 70, Zm)]) + zaa 10g po (Xl 2]

n=1

n=1m
1( L[ b |vn)‘p9(b |Un)] + KL[CIqb(Tn)lpG(Tn)] + KL| qu(vn)lp(vn)])
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Results

Train network
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Generated network
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Performance on Link prediction task on five datasets.
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Thank you

Please come to our poster @ 06:30PM Pacific Ballroom #180
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