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Graph Data is everywhere
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Examples for Machine Learning Problems with Graph Data



Examples for Machine Learning Problems with Graph Data

. Edge-level predictions
Node-level predictions (Link prediction)

a4 4

Graph-level predictions

Does this person smoke? Next Netflix video? Is this molecule a suitable drug?
(unlabeled node)



Fundamental Idea of GNNs é:\%

>> [earning a for neural networks suitable representation of graph data. <<
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How do Graph Neural Networks work?

Message passing layers
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Source: A Comprehensive Survey on Graph Neural Networks, Zonghan Wu et al., 2019
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Computation Graph Representation
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Computation Graph Representation @
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Over-smoothing in GNNSs
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Message Passing Update and Aggregation Functions

p**t) = yppATE® (hff"'),AGGREGAT EQOrS, vy € ¥ (u)}))
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Message Passing Update and Aggregation Functions

R = UPDATE® (h$9, AGGREGATE® ((hP,v v € W (w)}))
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Message Passing Update and Aggregation Functions

D = UPDATE® (S, AGGREGATE® ({(h{P, v v € N (w)}))
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Message Passing Update and Aggregation Functions

/ Differentiable functions \

RS+ = yPDATE® (h{, AGGREGATE® ((h{°,v v € N(w)Y))

* Mean * Mean

Max Max
* Neural Network * Normalized Sum ‘ GNN variants
* Recurrent NN * Neural Network




GNN variants é\é’?

BN e
AGGREGATE EIEN UPDATE ST ENEEN
(permutation invariant) nnm
Self-loop
Graph Convolutional Networks, (k) _ (k) h, Sum of normalized
_ , h*) = o | W > _ |
Kipf and Welling [2016] i \/|N(u)\|j\/’(v)| neighbor embeddings

Aggregated message

. k M
Multi-Layer-Perceptron as my () : Z MLP¢,(h,U) Send states through a MLP
trainable! vEN (u)

Aggregator, Zaheer et al. [2017]

Graph Attention Networks, My = Z vy phy exp (a’ [Wh, & Wh,])

. v .z Ay = i !
Velickovic et al. [2017] ) /N are e > veN(w &P (a’ [Why, ® Wh,|)

Gated Graph Neural Networks, h(k) — GRU(h(k—l) Th ) )

N () Recurrent update of the state

Li et al. [2015]

Source: _https://cs.mcgill.ca/~wlh/comp766/files/chapterd_draft_mar29.pdf



Graph Neural Networks (GNNs) with Attention

Monti et al. (CVPR 2017), Hoshen (NIPS 2017), Velickovic et al. (ICLR 2018)

Pros:

* No need to store intermediate
edge-based activation vectors
(when using dot-product attn.)
concatlave » Slower than GCNs but faster
@ than GNNs with edge embeddings

softmax

Cons:

» (Most likely) less expressive than

Wh, Wh; GNNs with edge embeddings
[Figure from Veli¢kovi¢ et al. (ICLR 2018)] e Can be more difficult to optimize
| K exp (LeakyReLU (é’T [W};,LHWHJ]))
hW=0o|— ok WFh, Qj = —
K ; J%\:f ! D ke N, €XP (LeakyReLU (é’T [Wh3-||th]))

* slide from Thomas Kipf, University of Amsterdam




:]/ label
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1. Sample neighborhood 2. Aggregate feature information 3. Predict graph context and label
from neighbors using aggregated information

Figure 1: Visual illustration of the GraphSAGE sample and aggregate approach.



GNN variants

TABLE 2
Different variants of graph neural networks.
Name Variant Aggregator Updater
ChebNet N = Tw(D)X H=YK N©,
Spectral 1%-ord No=X H = Ny®; + N,©
pectr er N1=D‘§AD_A'X 0o 1<
Single N=(Iy + D-3AD- )X H=N®
parameter
GCN N=D-1ADIX H=Ne
Neural FPs | hiy =hi™ + 4%, hi™! b}, = o(hiy, W3")
Node classification:
Non-spectral | DCNN e H=f(WON
Methods Graph classification: =1 )
N =1LP*X/N
GraphSAGE hiy, = AGGREGATE, ({h{',Vu € N,}) hi = o (W'- [h{~![|hf ])
= nxpgl.ukym.u;-"m.lwm]qg
Ok = §7 0, exp(LeakyRelU(a v L
by, =0 (Zyen, @urWhy)
Graph GAT Mulﬁ-he:::l concatenation: h:, _ h:\f
Attention B, = ey @ (Shen, W™ h)
Wt Multi-head average:
hiv, = o (# Thos Siew, 6B W™h.)
z, = o(W*h}, + U*h{™!)
Gated Graph | GGNN by, = bl 4+ b K=ol b s UG
Neural r:I]:t- W, = Eaen. 1 h{, = tanh(Whj, + U(r}, ® ]f;v__l))
works hi =(1-2,)ohi ! +2z,0ht
o T TTIRE i
(¢) Propagation Steps PAOLYE

(3

(¢} paobsRepou pmbe

Source: Graph Neural Networks: A Review of Methods and Applications, https://arxiv.org/pdf/1812.08434.pdf




Further literature @

William L. Hamilton, Graph Representation Learning Book - https://www.cs.mcgill.ca/~wlh/grl book/files/GRL Book.pdf

GRAPH REPRESENTATION LEARNING

WiLLiaAM L. HAMILTON

McGill University
2020
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