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Applications of GNNs

I GNNs enable scalable machine learning on graph-structured data in a variety of systems.

) Learning ratings in recommendation systems

) Resource allocation in communication systems

) Federated learning in distributed systems

) Protein property prediction in biological systems
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Learning Ratings in Recommendation Systems

I Formulate recommendation systems as ML problems that predict ratings that users give to items
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Recommendation Systems

I In a recommendation system, we want to predict the rating a user would give to an item

I Collect ratings that some users give to some items ) These are rating histories

I Exploit product similarities to predict ratings of unseen user-item pairs

I Example 1 ) In an online store items are products and users are customers

I Example 2 ) In a movie repository items are movies and users are watchers
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Ratings and Sampled Ratings

I For all items i and users u there exist ratings ) yui

) User rating vector yu has entries yui

I We only observe a subset of ratings ) xui

) Observed user rating vector xu has entries xui

) We assume xui = 0 if item i is unrated by user u
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Product Ratings as Graph Signals

I Construct product similarity graph with weights wij represent likelihood of similar scores

I Interpret vector of ratings yu of user u as a graph signal supported on the product similarity graph

I The observed ratings xu of user u are a subsampling of this graph signal.

I Our goal is to learn to reconstruct the rating graph signal yu from the observed ratings xu

I Build similarity graph using available ratings. Use of expert knowledge is common as well
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Product Similarity Graph

I Consider pair of products i and j . Restrict attention to set of users that rated both products ) U ij

I Mean ratings restricted to users that rated products i and j
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Loss for Measuring Rating Prediction Quality

I Given observed ratings xu the AI produces estimates Φ(xu). We want Φ(xu) to approximate yu
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 yu � Φ(xu)



2

I In reality, we want to predict the rating of specific item i

‘
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�
=

1

2
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eT

i yu � eT
i Φ(xu)
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I Where ei is a vector in the canonical basis ) (ei )i = 1, (ei )j = 0 for j 6= i
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Training Set

I For each item i let U i be the set of users that have rated i . Construct training pairs (x; y) with

y =
�

eT
i xu

�
ei x = xu � y for all u 2 U i ; for all i

I Extract the rating xui of item i . Record into graph signal y

I Remove rating xui from xu. Record to graph signal x

I Repeat for all users in the set U i of users that rated i

I Repeat for all items ) Training set T
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Learning Rating Predictions

I Parameterized AI Φ(xu) = Φ(xu;H). We want to find solution of the supervised learning problem

H� = argmin
H

X
(x;y)2T

�
eT

i y � eT
i Φ(x;H)

�2

I Two bad ideas ) Linear regression. Fully connected neural networks

I Two good ideas ) Graph filters. Graph neural networks
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Learning Ratings with Graph Filters and GNNs

I We use graph filters and graph neural networks to learn ratings in recommendation systems

I We contrast with the use of linear regression and fully connected neural networks
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Movie Ratings Dataset

I Use MovieLens-100k as benchmark ) 106 ratings given by U = 943 users to M = 1; 682 movies

I The ratings for each movie are between 1 and 5. From one star to five starts

I Train and test several machine learning parametrizations.
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Empirical Risk Minimization

I We predict ratings using AI that results from solving the ERM problem

H� = argmin
H

X
(x;y)2T

�
eT

i y � eT
i Φ(x;H)

�2

I Parameterizations that ignore data structure= ) Linear regression. Fully connected NNs

I Parameterizations that leverage data structure= ) Graph filters. Graph NNs
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Linear Regression and Graph Filters

I Linear regression reduces training MSE to about 2. Quite bad for ratings that vary from 0 to 5

I Graph filter reduces training MSE to about 1. Not too good. Humans are not that predictable
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I Graph filter outperforms linear regression ) Leverages underlying permutation symmetries
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Linear Regression and Graph Filters

I Linear regression works even worse in the test set

I The test MSE of the graph filter is about the same as the training MSE. It generalizes
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Fully Connected NNs and Graph NNs

I The fully connected NN reduces the MSE to about 0.8. Looks like a great accomplishment.

I Graph NN reduces test MSE to about 0.9. Not bad. But not as good as the fully connected NN
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Fully Connected NNs and Graph NNs

I But the fully connected NN does not do well in the test set. It does not generalize

I The test MSE of the graph NN is about the same as the training MSE. It generalizes
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Graph Filters and Graph Neural Networks

I The graph filter and the GNN do well in the training and test set. They generalize well

I The GNN does a little better. Not by much. But an extra 10% is not irrelevant
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I GNN outperforms graph filter ) The GNN has a better stability-discriminability tradeoff
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Transferability

I A GNN can be trained on a graph with a small number of nodes ...

) And transferred to a graph with a (much) larger number of nodes. Without retraining

I In this recommendation system, transference incurs no MSE degradation) MSE is further reduced
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Wireless Resource Management with GNNs

I GNNs can enable scalable resource management in autonomous wireless communication networks.
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