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Introduction

Problem: Performing inference tasks on graphs is HARD
It 1s possible on trees... ... but not on graphs in general

X Naive Marginalization: in O(k!™)

P(z;)= » ... » P(a1,22,...,2n)
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Can approximate: run BP for ¢ iterations,
BUT:

e May not converge, even as t — o0

v Belief Propagation (BP) in O(|N|): e May not have a closed-form solution

e May not be accurate due to the complex

I oto t . t . .
e Initiate message passing a dependencies in graph

leaves

e Propagate and Store mes-

sages up to the root and back
Research Question: How can we find better approximators for inference tasks in Probabilistic Graphical Models (PGMs)?

Backgro PGM to GNN M

MESSAGE NODE MAPPING VARIABLE NODE MAPPING
Message updates:

Belief Propagation

Can be generalized to graphs with loops, i.e.
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where N; are the neighbors of variable node X; o o Node Marginals:
and N, are the neighbors of factor nodes « A vy T
Variable Nodes to GNN Nodes . pz (XZ) - R(hz ) (10)
(GNNs pi(X;) =R Z iy (6)
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Use a message passing method mgil) to obtain

the hidden vector states h,gtﬂ) for a GNN node
v; at time ¢t + 1:
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= Soft Attention Mechanism

: -log10(KL)

Time (ms)

¢; = LeakyRelu(e; ; x AT + b)

¢; = softmax(c)}) so-
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e GNNs are great candidates when increasing the complexity of graph, with no significantly or
consistantly optimal model

Potential Developments: applying attention during {/; to other model structures (not Ising)

works", 2019, and the use of open-source code from

https://github.com /sunfanyunn/FE-GNN /tree/master.




