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Applications:

e SDN optimization

e 5G networks
“ML-based QoE optimization” [ITU-T, 2019]
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Related work > interdigital

“RouteNet” [Rusek et al., 2019] baseline provided

e Message-passing Graph Neural Network (GNN)
e Models hidden states of paths and links
e Resolves circular dependencies using fixed-point convergence

X Node states?

X QoS policies?
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Our GNN Modelization > interdigital

—> Add nodes hidden states to model QoS
— Transform network topologies into 3 bipartite graphs for GNN convolutions

Network topology
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GNN model inner workings 1> interdigital
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GNN model inner workings 1> interdigital
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Demol!
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Conclusion > interdigital

e Improved graph modelization and hidden-state RANK TEAM MAPE (%)
convergence
1 Steredeg 153
e Custom strategy for hidden state aggregation
2 Salzburg 195
e Demo: gnnet.interdigital.com Research
3 Gradient 5.42
e Source-code available upon request Ascent

(contact christoph.neumann (@) interdigital . com)
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gnnet.interdigital.com
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Convolutions on bipartite graphs 1> interdigital

X:{,t+1 =7 (Xi,t, Uieni) @ (Xj,t))

x; “destination” embeddings

X;: "source” embeddings

N (i) neighbors of i in graph = list of “sources” j leading to “destination” i

~ and ¢ are trained perceptrons
[l is the aggregation function

e Min, Max, Mean, etc. when neighbors are unordered (e.g. links to nodes)
e RNN when neighbors are ordered (e.g. paths to nodes)
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Training details > interdigital

Preprocessing: pandas dataframe, standardization

e Model rewritten completely in Pytorch + Pytorch-geometric

Embeddings size: 400, leading to 11465185 parameters

Adam Optimizer with CyclicLR Scheduler; no regularization

e ~ 1 week of training on single Tesla M60 GPU
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