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Foundation models are…

Pre-trained on unlabeled datasets of different 
modalities (e.g., language, time-series, tabular)

Leverage self-supervised learning

Learn generalizable & adaptable data representations
which can be effectively used in multiple downstream tasks (e.g., 
text generation, machine translation, classification for languages)

Note: while transformer architecture is most prevalent in foundation models, definition 
not restricted by model architecture



In recent years, Large Language Models (LLMs) have taken 
the field of AI by the storm

GPT-3 can translate language, write essays, generate code, and 
more — all with limited to no supervision.



The same AI breakthroughs happening in language are impacting 
other scientific and enterprise applications
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COVID-19 Pandemic Response

Can molecular foundation models be useful?
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The perils of machine learning in designing new 
chemicals and materials.
Nat Mach Intell 4, 314–315 (2022).



Foundation models for molecules – property prediction and 
generation
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Foundation Models learn the language of chemistry/biology from 
data and can power up a multitude of discovery tasks – We call 
them MoLFormer
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IBM Research, Accelerating Antimicrobial Discovery with Controllable Deep Generative Models and Molecular Dynamics. Nature Biomed. Eng. 2021.
IBM Research, Augmenting Molecular Deep Generative Models with Topological Data Analysis Representations. ICASSP 2022.
IBM Research, Optimizing Molecules using Efficient Queries from Property Evaluations. Nature Machine Intelligence 2021.
IBM Research, Fold2Seq: A Joint Sequence(1D)-Fold(3D) Embedding-based Generative Model for Protein Design. ICML 2021.
IBM Research, Data-Efficient Graph Grammar Learning for Molecular Generation. ICLR 2022.
IBM Research, Biological Sequence Design with GFlowNets. ICML 2022.
IBM Research, Active learning of deep surrogates for PDEs... npj Comp Mat 2020. 
IBM Research, Protein Representation Learning by Geometric Structure Pretraining. ICLR 2023.
.

IBM Research, CogMol: Target-Specific and Selective Drug Design for COVID-19 Using Deep Generative Models. NeurIPS, 2020.



MolFormer: Foundational transformer for 
chemistry/biology applications

MoLFormer-XL – a specific example from MoLFormer family

• Trained on up to over a billion molecular text strings (SMILES), with 
relatively limited hardware resources (16 V100 GPUs).

• Scalable and fast to train linear time attention transformers as 
encoders and decoders

• Relative position embeddings facilitate learning on SMILES

• State-of-the-art, universal chemical language model for wide ranges 
of 70+ molecular property prediction 

• Shows emergent behavior, such as geometry, taste, etc.

IBM Research, Large Scale Molecular Language Representations Capture Important Structural Information. Nat Mach Intell 4, 1256–1264 (2022). 



Molformer performs comparabiliy than existing GNNs and language models on 
quantum chemical property regression of QM9 benchmark



Comparison of MoLFormer with existing baselines on classification and 
regression benchmarks



DEMONSTRATIONS

Real time inference from MoLFormer-XL
https://multimodal-ai-demo.bx.cloud9.ibm.com/

IBM Research, Cloud-Based Real-Time Molecular Screening Platform with MolFormer . ECML PKDD (2022). https://2022.ecmlpkdd.org/wp-
content/uploads/2022/09/sub_1455.pdf



MolGPT: Foundational transformer for molecule 
generation

• A large-scale and efficient molecular language generator

• Efficient training on over a billion molecular text strings 
(SMILES)

• Scalable and fast to train linear time attention 
transformers

• Distributed training using Pytorch Lightning 

• Enjoys fast inference due to operating on text 

Validity Uniqueness Novelty

MolGPT (ours) 0.95 0.99 0.99

MegaMolBert (Nvidia) 0.75 0.85 0.51

'CCC'

'c1ccccc1'

'O' 'c1ccncc1’

'c1ccncc1’

'CCC'

All Chemical fragments

IBM Research, To be submitted.



Large-scale unsupervised pretraining, novel sampling, and optimization methods 
enable controllable generation of novel artifacts with desired properties
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IBM Research, Sample-Efficient Generation of Novel Photo-acid Generator Molecules using a Deep Generative Model. NeurIPS, Deep Generative Models and Downstream Applications, 2021.

results in valid generations, 
provides access to novel 
chemical scaffolds as per 
expert adjudication



Conditional Latent (attribute) Space Sampling  -CLaSS

C – Sampling from Latent Space using CLaSS

Regularization loss

Encoder Decoder

Training data Reconstructions
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VADAENAGAAKKRA
QIAAWWAFGLKAK
LQHVKEERKGGAKR

latent space
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KKAFILEEVFEDKE
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VADAENAGAAKKRA
QIAAWWAFGLKAK
LQHVKEERKGGAKR

q�(z) = Ex�pd(x)q�(z|x)
<latexit sha1_base64="1x+qY4KuRmxmC46PR/vwQbp3qhE="></latexit>

Smoothness
Limits information content
Makes z-space meaningful

p(z) = N (z; 0, I)
<latexit sha1_base64="UWyaB0L8dL8vo8UXtXvbD199/jw="></latexit>

q�(z|x)
<latexit sha1_base64="r5hmdD1jiWdfe/bAe2JVJqBBzM4="></latexit>

p�(x|z)
<latexit sha1_base64="M+/dfbuGwTiWv5jWI4jYNRVkkzE="></latexit>

Reconstruction loss

(B.ii) Fit explicit density 
model Q�(z) ⇡ q�(z)

<latexit sha1_base64="d8xQIJe2eTqfjrvlPTArAK1GzVY="></latexit>

(B.i) Encode training
data with q(z|x)
Sample  zj,k ~ q(z)
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p�(x|z)
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for each attribute ai:
q�(ai|z)
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B – Mapping Attributes to Latent Space

A – Training of Peptide Autoencoder

Figure 2: (A) Training a generative Autoencoder (AE) model on peptide sequences (AE Train-
ing in Fig. 1), (B) Mapping sparse peptide attributes to the model’s latent z-space (AE Training
in Fig. 1), and (C) Sampling from the z-space using our CLaSS method (Generation in Fig. 1).

23

IBM Research, Accelerating Antimicrobial Discovery with Controllable Deep Generative Models and Molecular Dynamics. 
Nature Biomed. Eng., March 2021.

Adding Property Controls On A 
Generative Foundation Model



DEMONSTRATIONS

Generative AI for Molecular Generation (COVID-19)
https://covid19-mol.mybluemix.net/

IBM Research, CogMol: Target-Specific and Selective Drug Design for COVID-19 Using Deep Generative Models. NeurIPS 2020.
Recognized by Harvard Belfer Center Technology and Public Purpose (TAPP) Project 2021.



Evaluation of our foundation models for chemistry and biology 
have resulted in groundbreaking molecular discovery

YLRLIRYMAKMI-CONH2
(YI12, 12 amino acids)

FPLTWLKWWKWKK-CONH2
(FK13, 13 amino acids)

IBM Research, Accelerating Antimicrobial Discovery with Controllable Deep 
Generative Models and Molecular Dynamics. 
Nature Biomed. Eng., March 2021.

4-6 weeks and 10-50% success rate with generative AI, compared to 2-4 years and <1% success rate with existing 
methods. 

GXA70 GXA112 GEN727 GEN725

Mpro Spike RBD 

(A) Two novel AI-designed antimicrobials with high 
broad-spectrum potency, low toxicity, and low resistance 
onset, validated in wet lab.

(B) Four novel drug-like inhibitor molecules against two 
distinct SARS-CoV-2 targets, the main protease (Mpro) and 
the receptor binding domain (RBD) of the spike protein. 

IBM Research, Accelerating Inhibitor Discovery for Multiple SARS-CoV-2 Targets 
with a Single, Sequence-Guided Deep Generative Framework. 
(Under Review)



Emergent behavior of FMs due to data and neural scaling

18



Emergent Behavior in Foundation Models :
Case study – MoLFormer-XL

19
IBM Research, Large Scale Molecular Language Representations Capture Important Structural Information. Nat Mach Intell 4, 1256–1264 (2022). 



MoLFormer appears compatible to geometric GNNs or better

20
IBM Research, Large Scale Molecular Language Representations Capture Important Structural Information. Nat Mach Intell 4, 1256–1264 (2022). 



Through lens of MoLFormer attention visualization – correlation with spatial 
distances

IBM Research, Large Scale Molecular Language Representations Capture Important Structural Information. Nat Mach Intell 4, 1256–1264 (2022). 



Molformer indeed captures sufficient structural information

IBM Research, Large Scale Molecular Language Representations Capture Important Structural Information. Nat Mach Intell 4, 1256–1264 (2022). 



MoLFormer Learns molecular taste without labels

IBM Research, Cloud-Based Real-Time Molecular Screening Platform with MolFormer . ECML PKDD (2022). https://2022.ecmlpkdd.org/wp-
content/uploads/2022/09/sub_1455.pdf



Latent Space Explanation and Exploration - Captures Biological and Chemical 
Information

Peptide Walker: https:                 //.    peptide-walk.mybluemix.net

2/2/23

Emergent Behavior in Foundation Models :
Case study: Peptide Generative AE

IBM Research, Accelerating Antimicrobial Discovery with Controllable Deep Generative Models and Molecular Dynamics. 
Nature Biomed. Eng., March 2021.



Emergent behavior leads to domain-specific model reprogramming
From natural language to biology

25

IBM Research, Reprogramming Pretrained Language Models for Protein Sequence Representation Learning. Under review. 



Reprogrammed FMs are accurate, data-efficient, and robust

26

IBM Research, Reprogramming Pretrained Language Models for Protein Sequence Representation Learning. Under review. 



Efficient CDR design via sequence infilling with FM reprogramming

Reprogrammed Language BERT (ReprogBert) 
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§ We introduce additional amino acid embeddings (target domain), together with the linear matrices 𝜃 and 𝛾 to project 
from one domain to another. 

§ During CDR infilling training, only the 𝜃 and 𝛾 and protein embeddings are fine-tuned, the source English language model 
remains unmodified.

IBM Rsearch, Reprogramming Large Pretrained Language Models for Antibody Sequence Infilling. Under review. arXiv:2210.07144



Performance on antibody heavy-chain CDR design

§ ReprogBert model upholds structural integrity, sequence recovery, and 
naturalness.

§ High novelty and diversity of the generated sequences are achieved.

§ Can handle multiple CDR infilling at once. 

§ Generated antibodies also show antigen specificity and improved virus 
neutralization in silico

§ Lightweight training, while leveraging information from large out-of-
domain language pretraining. 

IBM Rsearch, Reprogramming Large Pretrained Language Models for Antibody Sequence Infilling. Under review. arXiv:2210.07144

Refine-GNN: Jin, et al, Iterative refinement graph neural network for antibody sequence-structure co-design. ICLR 2022



How can we explicitly include geometry in molecular FMs?
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Background: Topological Data Analysis (TDA)

"Introduction to 
Persistent 

Capturing molecular geometry with topological information



Background: Persistence images

Augmenting molecular generative models with geometric (TDA) information



Augmenting molecular generative models with geometric (TDA) information

IBM Research, Augmenting Molecular Deep Generative Models with Topological Data Analysis Representations. ICASSP 2022.

persistent homology information 
for robust modeling the global 
geometry -- invariant to 
translation, rotation, and node 
label permutation.



Inverse Folding

“How can we find "good" amino acid sequences (i) that fold to a desired "target" structure as a native conformation of 
lowest accessible free energy and  (ii) that will not simultaneously fold to many other conformations of the same free 
energy?” Yue  & Dill, PNAS 1992.

Physics-based models are expensive.

ML/DL models focus on high recovery with respect to input and does not handle conformational flexibility. 

The goal is to sample diverse sequences --- overlooked in most ML studies.

Solving Inverse Protein 
Folding Problem 



3D Geometry-Aware Diverse and Novel Protein Sequence Design

IBM Research, Fold2Seq: A Joint Sequence(1D)-Fold(3D) Embedding-based Generative Model for Protein Design. ICML 2021.
IBM Research, Benchmarking deep generative models for diverse antibody sequence design. NeurIPS LMRL 2021. https://arxiv.org/abs/2111.06801.

Solution 1: Model fold designability by coarse-graining the 3D input in a scale-free manner 
Input features

(a) Consider a one hot-encoding t! ∈ {0,1}" of four types of secondary structures : 1. helix, 2. beta strands, 3. loop, 4. turn

(b) Scale  in/out the structure into a fixed size box with ratio r . 

(c) Discretize the cubic space into 2Å×2Å×2Å voxels.

(d) For each voxel i, we sum up the contributions from all residues as:

y# =-
!$%

&

exp(−
||c!r − v#||''

σ' ) 8 t!

Where c! is the coordinate  of residue j, and v# is the coordinate of the center of voxel i. 



3D Geometry-Aware Diverse and Novel Protein Sequence Design
Goal: Learn a joint sequence–fold embedding 

IBM Research, Fold2Seq: A Joint Sequence(1D)-Fold(3D) Embedding-based Generative Model for Protein Design. ICML 2021.
IBM Research, Benchmarking deep generative models for diverse antibody sequence design. NeurIPS LMRL 2021. https://arxiv.org/abs/2111.06801.

Two Intra-modal losses:  fold classification: FC( and FC)
One Inter-modal loss:   cosine similarity: CS

Full loss objective:  L = λ%RE( + λ'RE) + λ*FC( + λ"FC) + λ+(CY − CS)

Two reconstruction losses:  fold2seq and seq2seq: RE( and RE)
One cyclic sequence loss CY



§ Fold2Seq works in real-world settings – with inputs such as 
incomplete structure, low-resolution structure, or NMR 
structural ensemble.

§ Maintains fold consistency, while providing broad sequence 
diversity 

Fold2Seq Performance on Geometry-Aware Protein Sequence Design

Ingraham, et al, Generative models for graph-based protein design. NeurIPS 2019.

IBM Research, Fold2Seq: A Joint Sequence(1D)-Fold(3D) Embedding-based Generative Model for Protein Design. ICML 2021.



Take Home

§ Large pre-trained models are emerging as a promising tool to be integrated in molecular prediction  & design 
workflows.

§ While designing those models and methods, integration of domain knowledge and physics at each stage can 
help boost performance and efficiency.

§ Benchmarks and metrics are good for consistency and reproducibility, but we need to go beyond what currently 
exist and work with the community to create and validate new ones that are more realistic and relevant.

Emergent behavior with data and neural scaling – new paradigm of learning

Geometry can be implicitly and/or explicitly included in FMs efficiently with proper coarse-graining.
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