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Graph-related Neural network Normalization,
operation, usually related operation, non-linearity
Input sparse (e.g., graph usually dense (optional)
samples convolutlon (e.g., MLP)
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Input sparse (e.g., graph usually dense (optional)
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operation, usually related operation, non-linearity
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Main goal: show that LPG2vec
successfully harnesses the label and
property information from the LPG
graph datasets to offer more accurate
predictions in graph ML tasks
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Node Classification, aka
Label Prediction

Task: predict the research
area of the publication
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Node Classification, aka MAKG (small) MAKG (large)
Label Prediction - the higher the better 35 the higher the better
Task: predict the research
area of the publication 70 30
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Better accuracy with X X
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Node Classification, aka MAKG (small) MAKG (large)
Label Prediction - the higher the better 35 the higher the better
Task: predict the research
area of the publication 70 30.
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Better accuracy with X X
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What GNN model is considered? Vs GCN GAT GIN L GG
none B title none B title

. : 5
What label/property data is considered? — labels EEE labels,title labels M labelstitle



rMePCL 2,

e cscs ETH:irich

spcl.ethz.ch

Node Classification, aka
Label Prediction

Task: predict the research
area of the publication
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Node Classification, aka
Label Prediction

Task: predict the research
area of the publication
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Node Classification, aka
Label Prediction

Task: predict the research
area of the publication
Impact from each label/property
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Node Classification, aka
Label Prediction

Task: predict the research
area of the publication
Impact from each label/property
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Node Classification, aka
Label Prediction

Task: predict the research
area of the publication
Impact from each label/property
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Node Classification, aka
Label Prediction

Task: predict the research
area of the publication
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Node Classification, aka
Label Prediction

Task: predict the research
area of the publication
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Node Classification, aka
Label Prediction

Task: predict the research
area of the publication
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Node Classification, aka
Label Prediction

Task: predict the research
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Label Prediction In same cases,
Task: predict the research accuracy decreases

area of the publication
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Node Classification, aka ,,
Label Prediction In same cases, It is important to understand the data well and

Task: predict the research accuracy decreases select the right encoded LPG information
area of the publication
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l 64GB — 2TB memory per server I

How to scale these computations to really big L M.
graphs (hundreds of billions of edges) using a lot g
of parallelism (>a hundred thousand cores)?
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Conclusions

Thank you

Want to know more?

2 youtube.com/@spcl
u twitter.com/spcl_eth

@ spcl.inf.ethz.ch

O github.com/spcl
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Conclusions

LPG2vec enables encoding arbitrary LPG

datasets and their seamless analysis within
an arbitrary GNN processing pipeline

Thank you

Want to know more?

2 youtube.com/@spcl
u twitter.com/spcl_eth

@ spcl.inf.ethz.ch

O github.com/spcl
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Conclusions

Thank you

LPG2vec enables encoding arbitrary LPG
datasets and their seamless analysis within
an arbitrary GNN processing pipeline

Want to know more?

This introduces & lays the foundation for £ youtube.com/@spc
Neural Graph Databases ['] twitter.com/spcl_eth

@ spcl.inf.ethz.ch

O github.com/spcl
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Graph Databases: Major Workloads
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Graph Databases: Major Workloads

CRUD (Create, Read,

Update, Delete)
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Graph Databases: Major Workloads

CRUD (Create, Read,
Update, Delete)
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Genome (BFS) traversals
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Graph Neural Networks
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How Does Deep Learning (DL) Work?
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How Does Deep Learning (DL) Work?
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How Does Deep Learning (DL) Work?
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How Does Deep Learning (DL) Work?
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Graph Neural Networks (GNNs)
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Graph Neural Networks (GNNs)

These could still be photos, but now forming explicit relations,
e.g., two photos are related if they were taken within an hour
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Graph Neural Networks (GNNs)

These could still be photos, but now forming explicit relations,

e.g., two photos are related if they were taken within an hour
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Graph Neural Networks (GNNs)

These could still be photos, but now forming explicit relations,
e.g., two photos are related if they were taken within an hour

layer-wise weight update

These dependencies make efficient processing of GNNs

much more complex than in traditional DL
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Types of Samples & Downstream Tasks: GNNs vs. Traditional DL

p: S

Dependencies between Even in independent graph case,
samples in GNNs there are intra-sample dependencies

M. Besta, T. Hoefler. Parallel and Distributed Graph Neural Networks: An In-Depth Concurrency Analysis. https://arxiv.org/abs/2205.09702, 2022.
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