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❗Two problems for molecules: 
1. Variable length

2. Geometric information 
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Normal graphs
A graph is a set of nodes connected by edges

<latexit sha1_base64="xPAPC+Y73AYLDEJEOPjSM2m/fM4="></latexit>

G = (A,S)

Scalar features
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Deep Sets
Ignore relational information for now
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Inductive Bias: Translational In-/Equivariance
Leverage the symmetry of your data

Bernhard Kainz – Deep Learning



Deep Sets
Analysing the update function

Petar Veličković



2. Graph Neural Networks (GNNs)
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What has changed?
We need to think about the edges as well!
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A unifying framework
Other architectures can be seen as message-passing GNNs!

Petar Veličković



How to implement message passing?
Remember our DeepSet insights

Petar Veličković



The classic landscape
One architecture per community

Petar Veličković



Message-passing
Tell your neighbour what you know

Chaitanya Joshi



Normal Graph Neural Networks
Message passing updates node features using local aggregation

Computation tree: 

Message passing gathers & 
propagates features beyond 

local neighbourhoods.

Chaitanya Joshi



Fun Fact: Chemistry is crucial for GNNs
Many GNN advances came from computational chemistry

Petar Veličković



The classic landscape
One architecture per community

Petar Veličković



What if we want other information?
So far we only considered node features

Petar Veličković



Extending the message passing framework
Edges and Graphs can have features too

Lucas Beyer, Transformer TalkPetar Veličković



Make it as complex as you like!
All architectures discussed are special cases

Petar Veličković



3. Geometry and Symmetry
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Applying our framework to molecules
Is there more to a structure than the 2D representation?
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Geometric Graphs
A graph G=(A,S,X) embedded in Euclidean space



Why geometric GNNs?
Supervised Learning: Predict functional properties

Chaitanya Joshi



Why geometric GNNs?
Generative Modelling (L6): Design new molecules
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How to deal with geometric graphs?
The problem of symmetry in input and output

Minkai Xu
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Inductive Bias: Translational In-/Equivariance
Leverage the symmetry of your data

Bernhard Kainz – Deep Learning



Generalising Invariance and Equivariance
Equivariance: Things change as they should

Minkai Xu



The classic landscape
Invariance: Things do not change at all!

Yes, Dr. Beck

Still Dr. Beck!

Minkai Xu



Inductive Biases = Respecting Symmetry
Choose your architecture based on your data type

Minkai Xu



4. Geometric GNNs



Why would we want to respect symmetry?
It makes our learning a lot more efficient!

Training without translational symmetry

Training with translational symmetry

Minkai Xu



Why would we want to respect symmetry?
Less possible functions our network has to consider!

Minkai Xu



How to construct geometric GNNs
Invariance vs equivariance

Minkai Xu



The classic landscape
One architecture per community
Geometric GNN message passing
Geometric GNNs: 

• update scalar and (optionally) vector features 
• aggregate and update functions which retain transformation semantics
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Invariant GNN: SchNet (2017)
Using relative distances as invariant weights

Minkai Xu



Why then equivariant GNNs?
Expanding what interactions our network can extract

Minkai Xu



Equivariant GNN: PaiNN (2021)
One architecture per community

Minkai Xu



The Geometric GNN blueprint
Stack equivariant layers with an optional invariant pooling

Minkai Xu



5. Outlook to Applications



Geometric GNNs for Science
Structural Bioinformatics plays a key role
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We can model molecules as graphs and 
process them via GNNs. If we want to 
leverage geometric information, we can use 
Geometric GNNs.

🥡 Takeaway 🥡


