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Node Degrees

Node degree, k;: the number
of edges adjacent to node i
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Undirected

In directed networks we define

an in-degree and out-degree.
The (total) degree of a node is the
sum of in- and out-degrees.
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Troditional ML Pipeline
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At first glance, node classification appears to be a straightforward variation
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An attention mechanism computes a,,. Define the attention coéfficients
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Kronecker Model

A recursive model of network structure

1]1 K|K|0

1 [l |:> K| KK

01 0| K|K
K, Ko = K1 ® K
3x3 9x9

81 x 81 adjacency matrix
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s;: State of RNN after step t
x¢: Input to RNN at step ¢

V¢: Output of RNN at step t
RNN cell: W, U, V: Trainable parameters

In our case s;, x; and
¥¢ will be scalars
(edge probabilities)

Ve The RNN cell:
) ~ (1) Update hidden state:
St = O‘(W-.’Ct + U'st—l)
-3, :|I=> = (2) Output prediction:
L) Ye=V-s
Xt

&5 the 3¢r\emtf«w‘ 9oc( On, O new wnale (Con Cennecr
aylall Preveus ndes . the medel wusr remembes

O the nedes and ed9es 7 Scale Prblen |

So we wye BFS ofdering!

Breadth-First Search node ordering

“Reclpe“ to generate the left graph:
Add node 1

- Add node 2

- Connect 2 with 1

- Add node 3

- Connect 3 with 1

- Add node 4

- Connect 4 with 3 and 2

BFS ordering

BFS node ordering:
= Since Node 4 doesn’t connect to Node 1
= We know all Node 1’s neighbors have already been traversed

» Therefore, Node 5 and the following nodes will never connect
to node 1

= We only need memory of 2 “steps” rather than n — 1 steps

We Cmn alse wse GANs to generate graphs
(GePp)

Sequential graph generation
GraphRNN: predict action based on RNN hidden states

0 1 1
Edge Edge @ ®
i RNN =4 o RNN
@—©®
RNN hidden state captures the generated graph so far

GCPN: predict action based on GNN node embeddings

mgg‘é

Node
embeddings

“ Nnd\h
o
- o s =
Nam
2w “@ =5 e ﬂ_® = mww
" MW G e ©
§

roedane () state G, Scafold —C

Recall the link
prediction head:

Headeqge (hff). hg'))F
Linear(Concat(h{”), h:))

Predict potential links
using node embeddings

HS‘ s rews

(e)state — Gy

X

(6) GCPN — ma(aclG, U C)  (c) Action —a, ~ g y(ﬂ ovad 0 Reward —

(a) Insert nodes
(b,c) Use GNN to predict which nodes to connect
(d) Take an action (check chemical validity)

(e, f) Compute reward

Two parts:

(1) Supervised training: Train policy by imitating
the action given by real observed graphs. Use
gradient.

= We have covered this idea in GraphRNN

(2) RL training: Train policy to optimize rewards.
Use standard policy gradient algorithm.

= Refer to any RL course, e.g., CS234
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Given all node
embeddings at layer K

Naive full-batch
implementation: Generate ~ l|§
i

embeddings of all the nodes at
the same time. SeR—
= Load the entire graph and features | ™"
At each GNN layer: A
= Compute embeddings of all nodes
using all the node embeddings from T
the previous layer. embeddings at layer K+1

= Compute the loss | B
* Perform gradient descent . :
IF +akes S» |0"y ond mwdh CompPuniodion

Guraph DAGE neighoerins Sunpling

REALL: BNV generatR Nole embediings
Vist neghberhecd agﬁwegwcion,

Observation: A 2-layer GNN generates
embedding of node “0” using 2-hop
neighborhood structure and features.
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