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Outline

•Foundation model development for science -- small 
molecules, proteins, and genomics

•What I learned in Andy’s group; and advice for NMR 
spectroscopists and scientists in the age of AI



Language Models in Scientific 
Discovery

BIOMEDICAL NLP
Learn all of PubMed

PROTEIN STRUCTURE
Predict 3D Structures

Biology Chemistry

Language Imaging

BiologyChemistry

LanguageImaging

• Information from biomedical literature 

• Protein structure prediction and ligand 
docking

• Prediction of chemical reactions

• Biomolecular property prediction

VIRTUAL SCREENING
Docking and Pose Prediction



From Sequence to 3D and Back Again
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What is a Foundation Model?

• Large scale (pre-)training – models are trained on vast amounts of data, 
often multiple topics and modalities

• Generality – capable of performing many different functions

• Adaptability and fine tuning --  general purpose models can be 
specialized for desired task

• Accessibility – pre-trained models serve as a starting point for 
researchers to build upon

• Emergence – very large models can develop capabilities beyond those 
that they were trained to perform



NVIDIA Generative AI Life Sciences Software Stack

• Surface new technology from NVIDIA 
hardware and software; and feedback 
domain specific advancements to 
improve them

• GPU-accelerated life sciences 
frameworks, e.g. BioNeMo, depend on 
CUDA and accelerated deep learning 
libraries

• NVIDIA deployment libraries and (soon) 
microservices bring accelerated model 
inference and APIs to researchers and 
developers

CUDA

PyTorch

Transformer Libraries (Apex, NeMo)

Life Sciences Framework (BioNeMo)

Triton

Predictive 
Models

Generative 
Models

NVIDIA GPUs

Surface
NVIDIA

Technology

New
NVIDIA

Technology

NVIDIA Inference Microservices 
(NIMs)



SMILES: a Natural Language Representation of Small Molecules
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Anatomy of an Auto Encoder Model

Latent Space –
dimensionality 
reduced data, 

like PCA

Encoder DecoderMolecule 
(SMILES)

Molecule 
(SMILES)
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Deep Learning Models as Lego Blocks

Variational 
Auto Encoder 

(VAE) = 
gaussian 

distribution

Molecule 
(SMILES)

Molecule 
(SMILES)Encoder Decoder

Latent space can be modeled and 
manipulated in many ways



Objectives of a Cheminformatics Foundation Model

Representation and Translation

Encoder

Prediction

Molecule

Generation

Encoder

Molecule

Decoder

New Molecule

MLP Encoder

Molecule

Decoder

Reaction

Cheminformatics foundation models can be applied to a wide range of predictive tasks (physical 
chemical properties, retrosynthesis) and the generation of novel molecules



11 

• A variational autoencoder (VAE) loss smooths the 
latent space resulting in blurring

• MIM loss results in a clustered space 

A Clustered Latent Space with Mutual Information Machine (MIM) 

VAE MIM

Danny Reidenbach, Micha Livne, Rajesh Illango
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MolMIM – Sampling Distance Can Be Tuned for Similarity

Larger Perturbations

Seed
Molecule

Sampled
Molecule

Similarity
Map

Seed
Molecule

Sampled
Molecule

Small Perturbations
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• Pairwise interpolations between 1,000 molecules 
performed at ten evenly spaced steps

• Similarity between starting molecule and each 
interpolated molecule calculated

• Molecules sampled from baseline models (PerBART, 
MolVAE) have reduced similarity at start and high 
variance at early interpolation steps

• MolMIM molecules are similar to each other and 
have smallest variance at initial steps

Probing Latent Structure by Molecule Interpolation

VAE MIM

Danny Reidenbach, Micha Livne, Rajesh Illango
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• Hypothesis: having a structured latent space will improve 
performance of property guided optimization

• Chose covariance matrix adaptation (CMA-ES), which is a 
zeroth order optimization method

• CMA-ES is non-parametric and uses only a single scoring 
function per sample

Measuring the Controllability of MolMIM

    N. Hansen, A. Ostermeier, Evol. Comput. 9, 159–195 (2001). 



15 

• Performed multi-objective molecule optimization to jointly 
optimize two molecular properties (QED and SA), and binding 
to two targets (JNK3 and GSK4β).

• Objective was to maximize success, novelty, and diversity 
metrics. 

• Optimization methods:
§ Random: subset of randomly selected molecules
§ Approximate: subset of molecules that partially satisfy 

optimization criteria
§ Exemplar: subset of molecules that satisfy all criteria

• MolMIM is competitive for success and diversity -- novelty 
has since been improved considerably

Multi-Objective Property Optimization

Model
QED + SA + JNK3 + GSK4β 

Success (%) Novelty (%) Diversity

RationaleRL 74.8 56.1 0.621

MARS 92.3 82.4 0.719

JANUS 100 32.6 0.821

FaST 100 100 0.716

MolMIM (R) 97.5 71.1 0.791

MolMIM (A) 96.6 63.3 0.807

MolMIM (E) 98.3 55.1 0.767

Results above solid bar as in B. Chen, X. Fu, R. Barzilay, T. Jaakkola, ArXiv (2021) 
QED, SA, JNK3, and GSK4β oracles from Therapeutic Data CommonsDanny Reidenbach, Micha Livne, Rajesh Illango
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MolMIM: Applied Research to Productization

• MolMIM and controlled generation is hallmark feature of 
BioNeMo NIMs

• Model released on BioNeMo framework and accelerated 
inference workflows for controlled generation available 
soon on NIMs

• On-going work: 
• Improving encoder representations to make MolMIM 

well-rounded foundation model

• Development of more comprehensive benchmarks

MolMIM Featured in 
Jensen’s 

2024 GTC Keynote:



Improving Enzyme Function with Protein Language Models

E. Sevgen, et al., bioRxiv, doi:10.1101/2023.01.23.525232.
Under reviewMaria Korshunova, Micha Livne

SH3 hPAH
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There’s No Such Thing as Too Many Fields
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If You Can’t Collect Enough Data, Simulate It

NUS in GCN4 R2 Measurements 
(unpublished)

4D HMQC-NOESY-HMCQ of gp78 CUE Domain



21 

Don’t Miss the Forest Through the (NMR) Peaks

AlphaFold Won CASP13 in 2018AlexNet Won ImageNet Challenge in 2012



Ingraham, J. et al. Illuminating protein space with a programmable generative model. (2022) doi:10.1101/2022.12.01.518682. 
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NMR and Deep Learning are Complementary 

Deep Learning

NMR
Spectroscopist

Deep Learning

NMR
Spectroscopist
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AlphaFold is an (Awesome) Tool, Not a Panacea: 
Open Challenges That NMR Can Address

• Incorporation of dynamics and intrinsically disordered regions in 
structure prediction

• Study of multimeric proteins with ligands and/or co-factors

• Achievement of structure resolution suitable for drug discovery

• Improved prediction of protein – protein interactions

• Influence of post-translational modifications on structure

• …
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Thank You, Andy!


