The quest for the GRAph Level autoEncoder.
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Node-Level Autoencoders

Edge Reconstruction Loss
O(N?)

<

03070

'\

=[]=>
= []=>
= []=>
=[]=>

/

§ 0038



Graph-Level Autoencoders (Naive)

Graph Matching
NP (exact) or P (approx.)

Graph Reconstructlon Loss
O(N?)
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Graph-Level Autoencoders (GRALE)

Graph Reconstructlon Loss]
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Is it reasonable?

— Matching two arbitrary graphs is NP-hard
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Is it reasonable?

— Matching two arbitrary graphs is NP-hard
— But we are data-driven!
— For a given dataset a solver might exist!

— Let’s learn it!



Challenges: trainable matching module
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Challenges: loss choice

For P € o, permutation matrix,

|IA— PA'PT||Z = [|AP — PA'||E = Y PiiPiid(Aij, Ay )
ikl

For T € m, matching matrix:

A= TATT|Z £ AT — TA|IE # > TiaTid(Aij, Ar)
ij,k,l

Lew(AA,T)

of the graph matching loss.

Theorem

Lcw is the only relaxation such that

Low(AA, T)=0 < 3IPcog, A=PAPT



Challenges: expressive decoder

e Many works on graph encoding models x = f3(A)

e Few works on graph decoding models A = fy(x)

High level idea: augment Evoformer (AlphaFold) with cross-attention.
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Applications:

Once GRALE is trained...
Any graph-level task can be performed in the latent space !

From graph classification ...
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Applications:

Once GRALE is trained...
Any graph-level task can be performed in the latent space !

To graph generation ...
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Applications:

Once GRALE is trained...
Any graph-level task can be performed in the latent space !

To graph matching ...
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Applications:

Once GRALE is trained...
Any graph-level task can be performed in the latent space !

To graph edition ...
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Applications:

Once GRALE is trained...
Any graph-level task can be performed in the latent space !

To graph interpolation ...
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