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Graph Edits

Many domains can be modelled as graphs where nodes and edges change over time.
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Graph Edits

Many domains can be modelled as graphs where nodes and edges change over time.
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Our contribution: A novel model (graph edit network) that can predict all these
changes.
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Architecture
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Architecture

replace if y; # x; — Y delete if ¢;; <

2
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— 2. Linear layer for edit scores

delete if v; < —2 yd insert if 1; > +3 (Graph Edit Network)
3. Translation to graph edits

Compute €; j only if e; > 0 and e; > 0 = linear time processing for sparse graphs
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Theoretical Results

> Let G, G’ be graphs.
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Theoretical Results

> Let G, G’ be graphs.

» Then, there exist edit scores, such that the resulting edits morph G into G’ and
are almost as short as possible.

» Caveat: The optimal edit scores are NP-hard to find in principle ... but we can
exploit heuristics and it only affects the training phase

4/6



edge deletion
precision

recall
1.00 £ 0.0
1.00 + 0.0

precision
1.00 £ 0.0
1.00 + 0.0

edge insertion
recall

edit cycles
degree rules

precision
0.69 £ 0.1
1.00 £ 0.0
1.00 £ 0.0
1.00 £ 0.0

node deletion

recall
1.00 £ 0.0
0.63 + 0.0
1.00 £ 0.0
1.00 £ 0.0

precision
1.00 £ 0.0
1.00 £ 0.0
1.00 £ 0.0
1.00 + 0.0

node insertion

recall
0.62 + 0.0
0.64 + 0.0
1.00 £ 0.0
1.00 + 0.0

model
GEN

VGRNN
XE-GEN

Experiments
VGAE

- O 0O
SSss
HHHH

~NOo O
DO OO

SSHH

oo oo
Ssss
HHH H

[oNeNeNe)
—

- o OoOo
SSsSS
HHH H

=D
DD

ISE=E=K-]

oo O~
SSso
HHH H

0 © - -
[e el Talex o)

ISE=R=E-]

oo oo
Ssss
HHHH

© o oo
DO OO

O~ =~

oo oo
Scss
HHHH

N o O
~Oo o

S =

1.00

o oo
SS3
HHH

o oo
o oo

—

1.00 + 0.0

0.15+ 0.0
0

0.0

0.0

0.14 + 0.
1.00 £
1.00 £

VGAE
VGRNN
XE-GEN

GEN

5/6

1.00 £ 0.0
1.00 £ 0.0
1.00 £ 0.0
1.00 £ 0.0

1.00 £ 0.0
0.00 + 0.0
1.00 £ 0.0
1.00 £ 0.0

0.0
0.0
0.0
1.00 £ 0.0

1.00 £
1.00 £
1.00 £

game of life

0.03 + 0.0
1.00 £ 0.0
0.98 £ 0.0
1.00 £ 0.0

1.00 £ 0.0
0.324+0.1
1.00 £ 0.0
1.00 £ 0.0

1.00 £ 0.0
1.00 £ 0.0
1.00 £ 0.0
1.00 £ 0.0

0.27 £ 0.1
0.31+0.1
1.00 £0.0
1.00 £ 0.0

GEN

VGAE
VGRNN
XE-GEN
Perfect accuracy for two tree datasets in contrast to nonzero error for kernel-based

prediction



Summary
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Summary

» Graph edits offer a sparse, local, efficient, and intuitive interface for graph changes
> graph edit networks can predict edits

> the resulting edits are provably close to optimal for good enough training data and
expressive enough graph neural net

> promising results on synthetic data

Thank you for your attention!

https://gitlab.com/bpaassen/graph-edit-networks
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