
ML for Drug Discovery 
Summer School 2024 

@ Mila
A brief summary

Motivation: What’s the current state of ML for DD?



Motivation



Open Questions

Are we moving from the ‘all you need is small algorithms’ to the ‘data is all you need’ paradigm?
(so what data do we need, then?) (Computer is tremendously powerful... but is our data?)

what is the correct data modality to key into my new setting’ 
(for example, for cellular biology should it be ATACseq, or RNAseq, or proteomics or all of the above)?”

What are the theoretical and scientific limitations of AIDD (AI for Drug Discovery)?
(Causality, confidence, quantification)

Do LLMs have use in AIDD?

Are we reliving ‘The Billion Dollar Molecule’, 
but with an AI twist?
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Refresher



Refresher

Turn into Linear Algebra !

Gateway to ML !



4 secret sauce ingredients for successful applications of ML in biology:
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1.1 Bharath



1.1 Summary

1. Despite the hype, AI/ML is not “that useful” in Drug Discovery, e.g. because it cannot understand long time    
scales that drug discovery requires, e.g. similar to civil engineering and building of bridge and castles
- Don’t trust machine learning too much.
- Physics > Datasets (most of the time)
- Understand the biology and chemistry of the system.
- AI is not a substitute for basic science. AI/ML does not generalize well; science does.

2. Low Data is the fundamental challenge in Drug Discovery, e.g. as we take out biology predictions from the test 
tube, they break down in the real world, because out of distribution generalization is a really hard problem (and 
unsolvable with the wrong data)

3. Strategies to tackle low data are
- Physical Simulations: to generate synthetic data
- Metric + Meta Learning: to compare prediction vectors
- Multitask-Learning: to combine datasets
- Transfer Learning: from assay readouts



1.2 Emmanuel This talk had overlap with Bharat ‘s talk



1.2 Summary

This talk had overlap with Bharat ‘s talk

Good representations are critical: “A method cannot save an unsuitable representation, which cannot remedy 
irrelevant data, for an ill thought-through question.” 

Random Forest + ECFP is a strong base line, 
(as shown in “Random forest classification for predicting lifespan-extending chemical compounds”  by Kapsiani et al.)



1.3 Dominique
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1.4 Summary

Equivariance is largely motivated by equivariance observed in Physics, e.g. Mechanics, Fluid 
Dynamics, Electrodynamics and the Standard Model

There is some evidence that equivariance leads to more data efficiency. 
(There is also evidence against that)

Equivariance tends to introduce additional computational complexity, but that can be tackled 
with reducible representations.



2.1 Gabriele



2.1 Summary
Docking Screening.

There are three approaches to docking: Search-based 
methods, Regression models and Generative models 
(see diagram)

Generative models are preferred (at least in his talk) 
due to aleotoric uncertainty introducing an averaging 
effect as well as issue with model uncertainty in 
comparison to regression.

There are three components to Diffusion Generative 
Models: forward diffusion, scoring and reverse 
diffusion. (see slide)



2.2 Gianni



2.2 Summary

His talk is a mixed bag (at least for me as an outsider) of his recent research results on:

Machine Learning Potential Architectures: All about learning energy functions which otherwise are 
not computable, see slide

Cartesian Tensor Representations for Efficient Learning of Molecular Potentials: 
All about “Incorporating transformation properties of physical quantities into NNPs (Neural 
network potentials for chemistry)

Coarse-grained Potentials: 
All about the “need to guarantee physical equivariances/invariances: translation, rotational, order” 
in coarse grained representations



2.3 Pratyush
With infinite compute, all we need is a single equation, 
\but compute is not infinite, so :0



2.3 Summary
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2.4 Jacopo



2.4 Summary



3.1 Camille Today seems to be a special day with many high-profile speakers.



3.1 Summary The mechanics of how to generate molecules



3.1 Summary



3.1 Summary

Embrace 
uncertainty!



3.1 Summary The science of how to discover molecules

a bit technical again~



3.1 Summary
The art of how to discover molecules



3.1 Summary
The art of how to discover molecules



3.2 Yoshua

1) It’s a needle in the haystack problem
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3.3 Connor
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3.4 Michael

geometric deep learning
graph representation learning



3.4 Summary

GNNs is (possibly) the parent class of all NNs, 
developed around the idea of geometric symmetry：



3.4 Summary
Physics-inspired GNNs are also 
cool：



3.4 Summary
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3.4 Summary

Michael concludes:



4.1 Anne



4.1 Summary
Cell painting assays can be used for drug discovery:



4.1 Summary Image-based profiling can be applied to many different steps:



4.1 Summary There are substantial success of image based profiling such as:



4.2 Sebastien



4.2 Summary
What are the tasks of multimodal learning in omics >



4.2 Summary



4.3 Jason



4.3 Summary



4.3 Summary
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4.4 Charlotte

Static Optimal Transport as Inductive Bias for Reconstructing Molecular 
Responses in Biomedicine

Dynamic Optimal Transport and Connections to Diffusion Models and Flow 
Matching

Diffusion Models and Flow Matching for Reconstructing Dynamic Processes in 
Molecular Medicine

Optimal Transport



4.4 Summary
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4.4 Summary



5.1 Andres
The only talk with a Colab Demo! 



5.4 Afaf



The End
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