Google Research

2 Stanford

University

PAS
as o
e **
.
.
.
.
.
.®
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.

Machine Learning on Graphs: A
Model and Comprehensive
Taxonomy ®

Bryan Perozzi w/ Ines Chami, Sami Abu-El-Haija,
Christopher Ré and Kevin Murphy

Bryan Perozzi | Twitter: @phanein




Talk Outline

*Graph Representation Learning
*Our Model & Taxonomy
*Unsupervised Graph Embedding

*Supervised Graph Embeddings
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Graph Representation
Learning




Graph-structured data
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Archaea

* Graph: G = (V| E) = Nodes + Edges

* Universal data structure to represent
complex relational data
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https://www.nature.com/articles/ncomms11560
https://en.wikipedia.org/wiki/File:Phylogenetic_tree.svg

Graph Representation Learning (GRL)

Goal: Map graphs to continuous, low-dimensional, dense vector representations that
preserve the graph information
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Why useful: These representations can be used to solve any ML task!

Challenge: Graphs = Discrete, high-dimensional and sparse representations, how do
we preserve the graph structure/similarities between nodes?
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ML Applications

* Unsupervised

e Link Prediction f:VxV—={01} 3
 Visualization/Graph compression A
 Clustering/Community detection

f:V—=A{1...k}

* Supervised

 Node Classification f:V — {0,1}

. o . 8.
* Graph Classification f:G — {0,1} o “?‘
I Hydrogen %".
@ : ./5:\: Toxic o
XRE [
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Figure: Hapala et al - Nature Comms
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https://www.nature.com/articles/ncomms11560

Our Model & Taxonomy




The GraphEDM Model

Input Embeddings Output Supervision
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GraphEDM is a general model describing how two inputs (Graph A and
Feature Matrix X) are transformed into latent space (Z) and then
utilized for tasks.
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Taxonomy of GNNs

We can then map GNN
models into the parameter
space of GraphEDM to get a
Taxonomy of methods.
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Legend Laplacian MDS [66]

Section 4.1.1 [ IsoMAP [107]
Shallow cmbeddings] LLE [96] LE [9]

Non-Euclidean Poincaré [83]
Section 4.1.2 [ Lorentz [84]

Product [49]
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Graph neural networks] Matrix GF [4]
- Factorization GraRep [19]

Section 4.1.3 HOPE [86]

X=1 Skip-gram DeepWalk [90]
Section4.1.4[\|  node2vec [47]
WYS [2] LINE [106]
HARP [25]

Unsupervised
(a=0) ENC(W;©%) |\ [ Autoencoders| [SDNE [114]
Section 4 Section 4.2 DNGR [20]

[ KLy }—[ENC(W,X;@E)]\[ Spectral ]_[ GAE [62] ]

Section 4.3 Graphite [48]

28 =l ]—[ENC(@E )]\ Laplacian LP [127]
Section 5.1 Consistency [125]

Laplacian ManiReg [10]
Section 5.2.1 SemiEmbed [115] NGM [17]

Graph
Embedding

Supervised ENC(X; oF )
(a #0) '
Section 5 Skip-gram Planetoid [118]
Section 5.2.2

X#1 essage passing’_[GNN [100] GGSNNs [71]]

M
[ Section 5.3.1 MPNN [41] GraphNets [7]
J
Spectral | [ SCNN[16, 53]
Section 5.4 [ | ChebyNet [32] GCN [61]

Spatial | [ SAGE [50]
Section 5.5 | | MoNet [81] GAT [111]

[Non-Euclidean]_[HGCN [22]] 9

ENC(W, X ; ©F)

Section 5.6 HGNN [75]




Unsupervised Methods




Problem Setup

Input: Graph G = (V, E)
* Vertices: V = {vy,...,v,}
 Adjacency matrix: A € R™*"

« (Optional) Node features: X e R™*d%

Goal: Learn a mapping [ :V — R

V;, — Z;

Such that graph information is preserved

sim(v;, v;) ~ sim(z;, 2j
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GraphEDM for Unsupervised GRL

Input Embeddings Output

x b ome el
‘ A_Jl T —  DEC LY
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Shallow Encoders

Shallow encoder = simple embedding look-up:

X =1,
_ _Z]T_ 1 107
ENC(X;) = Ze; = | -z, — 1
/ Cavim o
Embedding matrix ‘
V] xd d x 1
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Example: Graph Factorization (Ahmed et al. 2013)

Idea: Learn a low-rank decomposition of the similarity matrix (1°* order)

Input Embeddings R

LY = Aij — Aij)?

A T
ENC(X;) = Ze, A=27 Output

— DEC LY

Possible extensions:

Movies factors Movies e directed graphs using asymmetric embeddings
(source + target): GraRep (Cao et al. 2015), HOPE
(Ou et al. 2016)

* Higher-order representations using random walks:
DeepWalk (Perozzi et al. 2014), node2vec (Grover

et al. 2016) y

SJ10}doe)
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Supervised Methods




Problem Setup

Input: Graph G = (V, E)

e Vertices: V = {v1, o ,?Jn} G

* Adjacency matrix: A € R"*"

* (Optional) Node features: X € R™*do A
attributed graph

Goal: Learn a mapping f:V — y

Figure: Rezaei et al, WWW'17

That predicts graph properties (node/graph labels, ...)

Bryan Perozzi | Twitter: @phanein 16


https://arxiv.org/pdf/1701.09039.pdf

GraphEDM for Supervised GRL

ENC —

Supervision

Embeddings Output
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— DEC LY
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Example: Graph Convolutions (Kipf et al. 2017)

Input Embeddings Output Supervision
_
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ENC(A, X) =a((D+ 1) YA+ 1)(D + 1) 2XW)
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(a) Graph Convolutional Network (b) Hidden layer activations

Bryan Perozzi | Twitter: @phanein Figure: Kipf and Welling 18



https://arxiv.org/pdf/1609.02907.pdf

Thank you!

Legend Laplacian MDS [66]
Section 4.1.1 [ IsoMAP [107]
Shallow embcddings LLE [96] LE [9]

Many other methods!

Non-Euclidean
Section 4.1.2

Poincaré [83]
Lorentz [84]

P a p e r : Graph regularization Product [49]
Graph neural networks Matrix GF [4]
Machine Learning on Graphs: A Model and [F;;i:?:r:.‘:‘.’;‘H%%%z"[%Z]]

Skip-gram DeepWalk [90]
Section 4.1.4[\|  node2vec [47]
WYS [2] LINE [106]

Comprehensive Taxonomy (JMLR, 2022)

HARP [25]
. . . . Unizp;rggsed ENC(W;0%) \[Autoe'ncoders]_[SDNE [114]
Ines Chami, Sami Abu-El-Haija, Bryan Perozzi, i Sccton 42| DNGR 20

)

Christopher Ré, Kevin Murphy X#1 HENCW’X*@E>]\[S§g§§:,fz?3] [

[ a1 ]—[ENC(@E)] Laplacian LP [127]
Section 5.1 Consistency [125]

Laplacian ManiReg [10]
Section 5.2.1 SemiEmbed [115] NGM [17]

Graph
Embedding

Paper: https://arxiv.org/abs/2005.03675

Supervised
(a #0) - :
Section 5 Skip-gram Planetoid [118]
Section 5.2.2

Message passing‘_ GNN [100] GGSNNs [71]
Section 5.3.1 MPNN [41] GraphNets [7]
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Spectral SCNN [16, 53]
Section 5.4 || ChebyNet [32] GCN [61]

spatial | [ SAGE[50]
Section 5.5 || MoNet [81] GAT [111]

Non-Euclidean il HGCN [22]
Section 5.6 HGNN [75]

ENC(W, X; ©F)

o o)

Bryan Perozzi | Twitter: @phanein 19


https://arxiv.org/abs/2005.03675
https://www.linkedin.com/in/bryanperozzi
https://twitter.com/phanein

