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Overview



Foundation model?

➢ Very large deep learning models 

○ Massive broad datasets 

➢ What is the purpose?

○ Acts a foundation to build upon 

○ Can quickly be adapted for a task 
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Foundation Models: The Core Concept

Traditional ML vs. Foundation Models

Traditional ML
Train one narrow model per task. A tumor detector trained on lung 
CT scans is useless on pathology slides. Thousands of separate 
models needed.

Foundation Model
Pre-train one massive model on enormous general data. Fine-tune 
cheaply for many downstream tasks. The same base model powers 
radiology reports, drug design, and clinical Q&A.

The Three-Stage Pipeline

① Pre-training

Model learns rich representations from billions of medical texts, 
images, or DNA sequences at massive scale.

② Fine-tuning / Adaptation

Pre-trained model is adapted to a specific task using far less data — 
making it accessible.

③ Deployment and Validation  

(Where regulatory requirements apply)

Adapted model enters clinical workflows — subject to FDA clearance, 
hallucination auditing, and bias testing.



https://www.nature.

com/articles/s44360

-025-00024-7



Applications in Healthcare
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References:
[1] A Comprehensive Survey of Foundation Models in Medicine



One Example of Adapting Model Training and Evaluation
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[1] A Multi-center Study on the Adaptability of a Shared Foundation Model for Electronic Health Records



A Comprehensive Survey of Foundation Models in Medicine, 2025



From: Foundation Models for Advancing Healthcare: 

Challenges, Opportunities, and Future Directions
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Example HC data for healthcare LLM

● Healthcare training data

○ EHR

■ E.g., MIMIC III, MIMIC IV, CPRD

○ Scientific Literature

■ E.g., PubMed, PubMed Central

○ Web Data

■ E.g., COMETA (from Reddit), WebText

A Survey of Large Language Models for Healthcare: 

from Data, Technology, and Applications to 

Accountability and Ethics, 2025
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From General to Medical-specific LLMs

ChatGPT, 

Nov 2022

A Survey on Medical Large Language Models: Technology, Application, Trustworthiness, and Future Directions



Science FMs 



















Biology in a Slide:

DNA RNA PROTEIN ORGANISMCELL

Transcription Translation

Disease
CATGACTG
CATGCCTG

Genetic Variant
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Protein LLMs



Protein Sequence form and Protein Structure



Protein sequence to structure

MHFTEDKATILWGKVNVEGETLGRVYPWQ
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Primary Sequence

3D Structure



Protein sequence to structure

MHFTEDKATILWGKVNVEGETLGRVYPWQ
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Primary Sequence

3D Structure







Artificial intelligence revolution in structure prediction for entire proteomes

MedComm – Future Medicine, Volume: 1, Issue: 2, First published: 04 October 2022, DOI: (10.1002/mef2.19) 

ESMfold 
CLOSED SOURCE

➔ Need Open-Source Version 

(especially in Scientific Domains)



Artificial intelligence revolution in structure prediction for entire proteomes

MedComm – Future Medicine, Volume: 1, Issue: 2, First published: 04 October 2022, DOI: (10.1002/mef2.19) 

ESMfold 



More: 

ESM-2: Open-Source 

Foundation Protein LLM



Artificial intelligence revolution in structure prediction for entire proteomes

MedComm – Future Medicine, Volume: 1, Issue: 2, First published: 04 October 2022, DOI: (10.1002/mef2.19) 

ESMfold 

Open-Source and Improved Faster Version of 

AlphaFold



Many more 

details in the 
paper! 



Why Predicting Protein Folds from Sequence? hy 

predicting protein structures? 
• If a designed amino acid sequence could fold 

into the reliable structure that we desired? 
Design of entirely new 

proteins: 

• Proteins work in teams .. what is the interacting 
team’s structure, affinity, function? Team with 
drug? Ligand? RNA? … 

To predict the complex 
structure of multiple 
interacting partners  

• AlphaFold2 is not specifically designed and is 
unable to predict how amino acid mutations alter 
a protein's natural structure 

To illustrate the effect of 
mutations that contribute 
to rare genetic diseases. 

Also the Speed of Protein Structure 

Prediction also matter! 
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Database of 
sequences

What is a Multiple Sequence Alignment (MSA)?
 Search against a database of sequences



Generate a multiple sequence alignment

Database of 
sequences



Analyze the MSA for coevolution

Coevolution



Coevolution

Structure

EVfold

Related Task: 

Contact prediction 



MSA based 

Input feature generation for AlphaFold2

UniRef90
Mgnify

BFD

jackhmmer HHblits

PDB70

Input MSA features

HHsearch

Input Templates features
Iterative

search

Generation of input MSA features can take hours for a single 

protein on multiple cores

SLOW



Sequence MSA

PSSM

2ndary 

Structure

MRF

Contacts

XYZ

Fragments

Typical pipeline before Alphafold
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MSA = multiple sequence alignment
PSSM = Position-specific-scoring matrix
MRF = Markov Random Field (or Potts model)
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Sequence MSA

PSSM

MRF

Alphafold1*

seq

DB

CNN

ResNet

XYZMinimizeDistances

Fragments
frag

DB

VAE

XYZFolding

Dihedrals

* Past researchers used raw MRF features, and ResNets:
- Golkov, V., Skwark, M.J., Golkov, A., Dosovitskiy, A., Brox, T., Meiler, J. and Cremers, D., 2016, December. Protein contact prediction from 

amino acid co-evolution using convolutional networks for graph-valued images. In NIPS (pp. 4215-4223).

- Wang, S., Sun, S., Li, Z., Zhang, R. and Xu, J., 2017. Accurate de novo prediction of protein contact map by ultra-deep learning model. 

PLoS computational biology, 13(1), p.e1005324.
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integrate the multiple sequence alignment into the neural 
network architecture through an attention mechanism 
operating across the rows and columns of the MSA 



Related Task: 

Contact prediction 





From Language 

model to 

contact predict 

(==> no MSA!!!)



ESM-2





Protein 

language 

model 

(largest to 

2022)

● ESM-2, at scales from 8 million parameters up to 15 

billion parameters. 

● Relative to previous generation model ESM-1b, 

ESM-2 introduces improvements in architecture, 

training parameters, and increases computational 

resources and data 

● Enabling the structure prediction from primary 

sequence, 
○ On a single NVIDIA V100 GPU, ESMFold makes a 

prediction on a protein with 384 residues in 14.2 

seconds, 6x faster than a single AlphaFold2 model. On 

shorter sequences the improvement increases up to 

∼60x 



ESM-2

● During training sequences are sampled with 

even weighting across ∼43 million UniRef50 

training clusters from ∼138 million UniRef90 

sequences so that over the course of training the 

model sees ∼65 million unique sequences. 

● Training curves for ESM-2 models from 8M 

(highest curve, light) to 15B parameters (lowest 

curve, dark). Models are trained to 270K 

updates. Validation perplexity is measured on a 

0.5% random-split holdout of UniRef50. After 

270K updates the 8M parameter model has a 

perplexity of 10.45, and the 15B model reaches a 

perplexity of 6.37. 

Here perplexity, ranges from 1 for a perfect model to 20 for a 
model that makes predictions at random. 



ESM-2

● BERT encoder only transformer 

● Rotary Position Embedding (RoPE) to allow the model extrapolate beyond the 

context window it is trained on 

● Absolute plus, Learned positional encodings 



ESM-2 attention patterns 
correspond to the residue- 
residue contact map of a protein 

Predicted contact probabilities (bottom right) and actual contact 
precision (top left) for 3LYW. A contact is a positive prediction if it is 
within the top-L most likely contacts for a sequence of length L. 



ESM-2 attention patterns correspond to the 
residue- residue contact map of a protein 
ESMfold

● Eliminating the need for external evolutionary databases, multiple sequence 

alignments, and templates. 

● Each folding block alternates between updating a sequence representation and a 

pairwise representation. 

● The output of these blocks is passed to an equivariant transformer structure module, 

and three steps of recycling are performed before outputting a final atomic-level 

structure and predicted confidences 







ESMfold architecture

● Replace the axial attention with a standard attention. All other operations are the 
same as in the Evoformer block. Call this simplified architecture the Folding block. 

● the removal of templates. Template information is passed to the Alphafold2 model 
as pairwise distances, input to the residue-pairwise embedding. ESMFold simply 
omit this information, passing instead the attention maps from the language 
model, 

● ESMFold uses the Frame Aligned Point Error (FAPE) and distogram losses 
introduced in AlphaFold2, as well as heads for predicting LDDT and the pTM score. 



•ESMFold 
produces accurate 
atomic resolution 
predictions, with 
similar accuracy to 
RosettaFold on 
CAMEO. 



Vs. Alphafold2’s Evoformer

 integrate the multiple sequence alignment into the neural 
network architecture through an attention mechanism 
operating across the rows and columns of the MSA 



ESMfold more 

● ESMfold  train the folding head on ∼25K clusters covering a total of ∼325K 

experimentally determined structures from the PDB, further augmented with 

a dataset of ∼12M structures we predicted with AlphaFold2 



Protein Structure landscape

190k experimental determined
https://www.rcsb.org/

ESM Metagenomic Atlas 
(https://esmatlas.com): 617M 
proteins. Able to complete this 
characterization in 2 weeks on a 
heterogeneous cluster of 2,000 
GPUs, demonstrating scalability to 
far larger databases. High 
confidence predictions are made 
for over 225M structures 
 

AlphaFold DB 200 million structures 
in AlphaFold DB, 35% are considered 
to be highly accurate. Another 45% 
have reasonable accuracy enough for 
many studies 

https://esmatlas.com/


Then/Now ESM-3
Simulating 500 Million Years of 
Evolution with a Language Model

ESM3: A Multimodal Protein Language Model



Outline

1. Motivation — Why protein language models? Why now?

2. Method Details — ESM3 architecture & multimodal representation

3. Explanations — How tokenization, masking, and generation work

4. Setup — Training data, scales, and evaluation framework

5. Results — Prompt-following, alignment, and esmGFP

6. Takeaways — Implications for protein design and AI biology
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The Problem: Exploring Protein Space

~3 billion years of evolution have produced the proteins we observe today

Natural evolution is a slow, constrained search through sequence space

Gene sequencing surveys now catalog billions of sequences and structures

Yet the functional protein space remains vast and mostly unexplored

Key Question: Can we build a model that learns the deep structure of protein evolution — and use it to generate

functional proteins far beyond what nature has found?

4



Why Generative Language Models for Proteins?

Evidence from prior work:

Representations in protein LMs reflect biological

structure & function — without explicit supervision

Performance improves with scale (like NLP)

Scaling laws predict continued capability gains

What's been missing:

Multimodal reasoning (sequence + structure + function

together)

Controllable generation

Ability to reach distant functional proteins

Analogy to NLP:

NLP LMs Protein LMs

Text tokens Amino acid tokens

Grammar rules Evolutionary constraints

Sentence completion Protein generation

GPT/BERT ESM3

Prior models: ESMFold, ProtGPT2, ProGen2, 

RFdiffusion — but none unified all three 

modalities at scale

5



The Central Claim

500M
years of simulated evolution — in a single model run

ESM3 generated esmGFP: a functional green fluorescent protein with only 58% sequence identity to its nearest

known relative — a distance equivalent to >500 million years of natural evolution.

This is the first time a new GFP this distant from known proteins has been produced outside of natural discovery.
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ESM3 Architecture Overview

ESM3 is a bidirectional transformer that 

reasons jointly over three modalities:

Inputs (all optional/maskable):

Amino acid sequence tokens

3D structure tokens (via VQ-VAE)

Secondary structure (SS8) tokens

Solvent Accessible Surface Area (SASA)

Function keyword tokens

Residue-level annotations

Output:

Token probability distributions for each track

Decoded full atomic structure

8



The Three Modalities in Detail

Modality Representation Token Vocab Key Role

Sequence 20 canonical amino acids + special 29 tokens Primary chain identity

Structure VQ-VAE discrete codes of local 3D atomic neighborhoods 4096 + 4 special Fold & binding geometry

Function LSH-quantized TF-IDF of keyword annotations (InterPro) 255 × 8 per residue Biological activity

SS8 8-class secondary structure 10 tokens Coarse topology

SASA 16-bin discretized surface exposure 18 tokens Solvent accessibility

All modalities share a single latent space — the model learns cross-modal relationships entirely from data

9



Structure Tokenization: The VQ-VAE

Converting 3D structure to discrete tokens is non-trivial. ESM3 uses a discrete autoencoder:

1. Encode: Local atomic neighborhood around each amino acid → discrete token (codebook size 4,096)

2. Invariant geometric attention operates in local reference frames (bond geometry at each residue), then transforms

to global frame

3. Decode: Structure tokens → full atomic coordinates via 700M parameter 

transformer decoder

Quality: Near-perfect reconstruction — <0.5 Å RMSD

on CAMEO test set

10Structure tokenization schematic (Fig. 1C) — local neighborhood

→ VQ-VAE → discrete token → decode → coordinates]



Training Objective: Generative Masked Language Modeling

A random mask m is applied to tokens across all modalities

The model predicts masked tokens from unmasked context

Key innovation: mask fraction varies over a noise schedule (not fixed like BERT)

This means the model learns to generate any modality from any other — sequence from structure, structure from

function keywords, etc. — enabling flexible all-to-all generation.

Higher masking rates → better generative capability; lower masking rates → better representation learning. The noise schedule balances both.
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Chain-of-Thought Generation

For complex design tasks, ESM3 uses a multi-step generation protocol:

Step 1: Generate structure tokens (backbone)
→ Filter for active site coordination quality

Step 2: Condition on new structure + original prompts
→ Generate sequence tokens

Step 3: Iterative joint optimization
→ Alternate sequence structure optimization

Step 4: Rank designs by multiple metrics
→ Select top candidates per sequence-identity bucket

This is analogous to chain-of-thought reasoning in LLMs — intermediate "thoughts" (structures) guide the final output

(functional sequence).

14



Biological Alignment (Fine-tuning)

Base ESM3 is further improved via preference optimization (similar to RLHF for LLMs):

1. Generate many proteins for backbone coordinate prompts

2. Score each generation: pTM (structure confidence) + backbone cRMSD (prompt adherence)

3. Pair high-quality vs. low-quality generations for the same prompt → preference dataset

4. Fine-tune with Direct Preference Optimization (DPO)-style loss

Result: Model learns to put higher likelihood on good

scaffolds. Larger models benefit much more from

alignment — revealing latent capability.

15





(D) Models are trained at three scales: 1.4B, 7B, and 98B parameters. Negative 

log likelihood on test set as a function of training FLOPs shows response to 

conditioning on each of the input tracks, improving with increasing FLOPs. 



Training Data

Data Type Count

Natural protein sequences 2.78 billion

Protein structures (experimental + predicted) 236 million

Proteins with function annotations 539 million

Total unique tokens 771 billion

Data sources: UniRef, JGI, MGnify, OAS 

(antibodies), PDB, AlphaFold DB, ESMAtlas

Augmentation: Synthetic sequences 

generated via inverse folding (ESM-IF1) for all 

structures, including predicted ones

→ expands training to 3.15 billion total sequences

17

Model Scales & Compute

Model Parameters Transformer Blocks

ESM3-Small 1.4B —

ESM3-Medium 7B —

ESM3-Large 98B 216

Compute: Largest model trained with 1.07 × 10²⁴ FLOPs

Architecture choice: Deeper (more layers) > wider —

larger depth response found in architecture search



Evaluation Framework

Prompt-following metrics (per track):

cRMSD — backbone atom RMSD between prompt coordinates and generation

SS3 accuracy — 3-class secondary structure match fraction

SASA Spearman ρ — correlation between prompted and generated SASA

Keyword recovery — fraction of function keywords recovered by InterProScan

Generative quality:

pTM / pLDDT — ESMFold-predicted structure confidence scores

scTM — self-consistency TM-score (inverse fold → refold)

Alignment evaluation:

Pass@128 — fraction of 46 ligand binding motif tasks solved in 128 attempts

19



Result 1 — ESM3 Follows Complex Prompts Faithfully

Across all individual tracks, ESM3 7B achieves high prompt consistency AND high structural confidence:

Key finding: The model generalizes to out-of-distribution folds (TM < 0.7 to training set) while maintaining coherent

structures — mean pTM 0.85 ± 0.03

21

Result 2 — Creative Motif Scaffolding

ESM3 composes atomic-level motif prompts with high-level fold/keyword prompts — finding novel scaffolds:



Result 2 (cont.) — Protein Compression

A striking example of creative generation: ESM3 compresses trypsin by 33% while preserving function:

Prompt:

Catalytic triad atomic coordinates (from PDB 1Y3V)

Trypsin function keywords

Target length: 150 residues (vs. 223 natural)

Result:

Active site RMSD: 0.73 Å

Structure confidence: pTM 0.84

Self-consistency: scTM mean 0.97

23



Result 3 — Alignment Unlocks Latent Capability

Model Base Aligned Gain

1.4B 9.5% 18.8% +2×

7B 19.0% 37.4% +2×

98B 26.8% 65.5% +2.4×

Pass@128 on tertiary coordination tasks

The largest model benefits most from alignment —

revealing capabilities not apparent in the base model

24



Result 4 — Generating esmGFP

Goal: Create a functional GFP with low sequence identity to all known GFPs

Prompt (base pretrained 7B model):

Sequence + structure tokens + backbone coords of residues Thr62, Thr65, Tyr66, Gly67, Arg96, Glu222

(chromophore-forming residues)

Structure of residues 58–71 from PDB 1QY3 (energetically important helix region)

Target length: 229 residues

25

Using a time-calibrated phylogenetic analysis of

anthozoans:

esmGFP similarity to known FPs mirrors cross-order

diversity within the Anthozoa class

E.g., comparable to divergence between Scleractinia

(stony corals) and Actiniaria (sea anemones)

Estimated equivalent evolutionary distance: >500

million years



Key Takeaways

1. Proteins as a language — and evolution as its "corpus"

ESM3 frames protein biology as a token prediction problem. By learning to predict evolutionarily generated tokens, it

implicitly learns the deep constraints that govern what proteins can exist.

2. Tokenization enables scalable multimodal modeling

Encoding structure as discrete tokens — rather than diffusion in 3D space — makes the model highly scalable and allows

all-to-all conditioning across modalities.

3. Scale + alignment = emergent capability

Larger models have greater latent capability, but this is only revealed through preference alignment. The 98B aligned

model solves 65.5% of tertiary coordination tasks vs. 9.5% for 1.4B base.

4. Evolutionary simulation beyond natural constraints

ESM3 can reach functional proteins that natural evolution hasn't found — not by mimicking evolution's path, but by

learning the underlying fitness landscape structure.
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Broader Implications

For protein engineering:

Rational design at multiple abstraction levels (atoms

→ keywords)

New scaffolds for binding sites with no natural

precedent

Protein compression / miniaturization

For AI & biology:

Protein LMs as simulators of evolutionary possibility

Representation space encodes fundamental biology

Scaling laws apply in the biological domain

Limitations & open questions:

Experimental validation cost remains high

Chromophore maturation of esmGFP is slow (2 days

vs. hours for natural GFPs)

Does "simulating evolution" require understanding

physics, or just statistics?

How does this scale to more complex multi-domain

proteins?

Model weights (ESM3-open) and esmGFP sequence are publicly available for

academic research.
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Summary: ESM3 at a Glance

Aspect Details

Model type Bidirectional transformer, generative masked LM

Modalities Sequence + Structure (VQ-VAE) + Function keywords

Largest model 98B parameters, 216 transformer blocks

Training data 771B tokens from 3.15B proteins

Key capability All-to-all conditional generation via discrete tokens

Alignment method Preference optimization (DPO-style) on prompted generations

Flagship result esmGFP — functional GFP at 58% identity, ~500M years distant

Availability ESM3-open weights + esmGFP sequence in public domain

32



Appendix: Architecture Details

Transformer block design:

Standard transformer (Vaswani et al.) with pre-norm (RMSNorm)

Rotary position embeddings (RoPE) for sequence position

SwiGLU activation in feed-forward layers

Geometric attention in first block only for direct coordinate conditioning

Structure tokenizer:

VQ-VAE with invariant geometric attention

Local reference frames defined by bond geometry at each amino acid

Loss: pairwise distances + relative orientations of bond vectors/normals

Function tokenizer:

TF-IDF over InterPro keyword annotations → 8 LSH hash tokens per residue (vocab size 255)

Decoded post-hoc with 3-layer transformer inverting the LSH quantization

34



Appendix: GFP Generation Protocol

1. Prompt ESM3 7B with:
- Sequence + structure + backbone coords of 6 chromophore residues
- Structure of helix residues 58–71 from PDB 1QY3
- Target length: 229 residues; all other positions masked

2. Chain-of-thought (Stage 1 — Structure):
- Generate structure tokens (backbone)
- Filter: good active site coordination + structure differentiated from 1QY3

3. Chain-of-thought (Stage 2 — Sequence):
- Add generated structure to prompt → generate sequence

4. Iterative joint optimization:
- Alternate: optimize sequence | fix structure

optimize structure | fix sequence
- Reject if active site atomic coordination lost

5. Rank pool of ~10,000 designs:
- Bucket by sequence identity to known FPs
- Rank by pLDDT, pTM, active site cRMSD, chromophore geometry

6. Synthesize top designs per bucket → express in E. coli → measure fluorescence
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Backups 



Back up on Protein ESM 

LLM



References Selected Papers on Protein LLM for Fold

● ESMfold: 
○ Evolutionary-scale prediction of atomic level protein structure with a language model 

● Alphafold2: 
○ Highly Accurate Protein Structure Prediction  with AlphaFold

● RoseTTAfold: 
○ Accurate prediction of protein structures and interactions using a three-track neural network 

● Related: 
○ TRANSFORMER PROTEIN LANGUAGE MODELS ARE UNSUPERVISED STRUCTURE 

LEARNERS 
○ Evfold: Protein 3D structure computed from evolutionary sequence variation 



Highly accurate protein structure prediction with AlphaFold

•John Jumper, et al 
•Demis Hassabis
Show authorsNature volume 596, pages583–589 (2021)Cite this article

Abstract
Proteins are essential to life, and understanding their structure can facilitate a mechanistic understanding of their 

function. Through an enormous experimental effort1,2,3,4, the structures of around 100,000 unique proteins have been 
determined5, but this represents a small fraction of the billions of known protein sequences6,7. Structural coverage is 
bottlenecked by the months to years of painstaking effort required to determine a single protein structure. Accurate 

computational approaches are needed to address this gap and to enable large-scale structural bioinformatics. 
Predicting the three-dimensional structure that a protein will adopt based solely on its amino acid sequence—the 
structure prediction component of the ‘protein folding problem’8—has been an important open research problem for 

more than 50 years9. Despite recent progress10,11,12,13,14, existing methods fall far short of atomic accuracy, especially 
when no homologous structure is available. Here we provide the first computational method that can regularly predict 
protein structures with atomic accuracy even in cases in which no similar structure is known. We validated an entirely 

redesigned version of our neural network-based model, AlphaFold, in the challenging 14th Critical Assessment of 
protein Structure Prediction (CASP14)15, demonstrating accuracy competitive with experimental structures in a 
majority of cases and greatly outperforming other methods. Underpinning the latest version of AlphaFold is a novel 

machine learning approach that incorporates physical and biological knowledge about protein structure, leveraging 
multi-sequence alignments, into the design of the deep learning algorithm

https://www.nature.com/articles/s41586-021-03819-2#auth-John-Jumper
https://www.nature.com/articles/s41586-021-03819-2#auth-John-Jumper
https://www.nature.com/articles/s41586-021-03819-2#auth-Demis-Hassabis
https://www.nature.com/articles/s41586-021-03819-2#auth-Demis-Hassabis
https://www.nature.com/
https://www.nature.com/articles/s41586-021-03819-2#citeas
https://www.nature.com/articles/s41586-021-03819-2#ref-CR1
https://www.nature.com/articles/s41586-021-03819-2#ref-CR2
https://www.nature.com/articles/s41586-021-03819-2#ref-CR3
https://www.nature.com/articles/s41586-021-03819-2#ref-CR4
https://www.nature.com/articles/s41586-021-03819-2#ref-CR5
https://www.nature.com/articles/s41586-021-03819-2#ref-CR6
https://www.nature.com/articles/s41586-021-03819-2#ref-CR7
https://www.nature.com/articles/s41586-021-03819-2#ref-CR8
https://www.nature.com/articles/s41586-021-03819-2#ref-CR9
https://www.nature.com/articles/s41586-021-03819-2#ref-CR10
https://www.nature.com/articles/s41586-021-03819-2#ref-CR11
https://www.nature.com/articles/s41586-021-03819-2#ref-CR12
https://www.nature.com/articles/s41586-021-03819-2#ref-CR13
https://www.nature.com/articles/s41586-021-03819-2#ref-CR14
https://www.nature.com/articles/s41586-021-03819-2#ref-CR15


Structure module including Invariant point attention (IPA) 
module.



RoseTTAFold 



RoseTTAFold 



PLoS One

. 2011;6(12):e28766.

doi: 10.1371/journal.pone.0028766. Epub 2011 Dec 7.

Protein 3D structure computed from evolutionary sequence variation
Debora S Marks 1, Lucy J Colwell, Robert Sheridan, Thomas A Hopf, Andrea Pagnani, Riccardo Zecchina, Chris Sander

Affiliations expand

Abstract
The evolutionary trajectory of a protein through sequence space is constrained by its function. Collections of sequence homologs record the 
outcomes of millions of evolutionary experiments in which the protein evolves according to these constraints. Deciphering the  evolutionary 
record held in these sequences and exploiting it for predictive and engineering purposes presents a formidable challenge. The potential 
benefit of solving this challenge is amplified by the advent of inexpensive high-throughput genomic sequencing.In this paper we ask 
whether we can infer evolutionary constraints from a set of sequence homologs of a protein. The challenge is to distinguish true co-
evolution couplings from the noisy set of observed correlations. We address this challenge using a maximum entropy model of the protein 
sequence, constrained by the statistics of the multiple sequence alignment, to infer residue pair couplings. Surprisingly, we find that the 
strength of these inferred couplings is an excellent predictor of residue-residue proximity in folded structures. Indeed, the top-scoring 
residue couplings are sufficiently accurate and well-distributed to define the 3D protein fold with remarkable accuracy.We quantify this 
observation by computing, from sequence alone, all-atom 3D structures of fifteen test proteins from different fold classes, ranging in size 
from 50 to 260 residues, including a G-protein coupled receptor. These blinded inferences are de novo, i.e., they do not use homology 
modeling or sequence-similar fragments from known structures. The co-evolution signals provide sufficient information to determine 
accurate 3D protein structure to 2.7-4.8 Å C(α)-RMSD error relative to the observed structure, over at least two-thirds of the protein 
(method called EVfold, details at http://EVfold.org). This discovery provides insight into essential interactions constraining protein evolution 
and will facilitate a comprehensive survey of the universe of protein structures, new strategies in protein and drug design, and the 
identification of functional genetic variants in normal and disease genomes.

EVFold 

https://pubmed.ncbi.nlm.nih.gov/?term=Marks+DS&cauthor_id=22163331
https://pubmed.ncbi.nlm.nih.gov/22163331/#affiliation-1
https://pubmed.ncbi.nlm.nih.gov/?term=Colwell+LJ&cauthor_id=22163331
https://pubmed.ncbi.nlm.nih.gov/?term=Sheridan+R&cauthor_id=22163331
https://pubmed.ncbi.nlm.nih.gov/?term=Hopf+TA&cauthor_id=22163331
https://pubmed.ncbi.nlm.nih.gov/?term=Pagnani+A&cauthor_id=22163331
https://pubmed.ncbi.nlm.nih.gov/?term=Zecchina+R&cauthor_id=22163331
https://pubmed.ncbi.nlm.nih.gov/?term=Sander+C&cauthor_id=22163331


Correlated mutations carry information about distance 
relationships in protein structure.



Biological structure and function emerge from scaling unsupervised learning to 250 
million protein sequences (ESM)
Alexander Rives https://orcid.org/0000-0003-2208-
0796 arives@cs.nyu.edu, Joshua Meier, Tom Sercu https://orcid.org/0000-0003-2947-6064, +7, 

and Rob FergusAuthors 

Edited by David T. Jones, University College London, London, United Kingdom, and accepted by 

Editorial Board Member William H. Press December 16, 2020 (received for review August 6, 2020)

April 5, 2021

118 (15) e2016239118
https://doi.org/10.1073/pnas.2016239118

Significance
Learning biological properties from sequence data is a logical step toward generative and predictive 

artificial intelligence for biology. Here, we propose scaling a deep contextual language model with 

unsupervised learning to sequences spanning evolutionary diversity. We find that without prior knowledge, 

information emerges in the learned representations on fundamental properties of proteins such as 

secondary structure, contacts, and biological activity. We show the learned representations are useful 

across benchmarks for remote homology detection, prediction of secondary structure, long-range residue–

residue contacts, and mutational effect. Unsupervised representation learning enables state -of-the-art 

supervised prediction of mutational effect and secondary structure and improves state-of-the-art features 

for long-range contact prediction.
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Also works in RoseTTAFold

Accurate prediction of protein structures and interactions using a three-track neural network

https://science.sciencemag.org/content/early/2021/07/19/science.abj8754



Back up on BioFM Survey 



FMs: 

A Comprehensive Survey of Foundation Models in Medicine, 2025
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Example HC data for healthcare LLM

● Healthcare training data

○ EHR

■ E.g., MIMIC III, MIMIC IV, CPRD

○ Scientific Literature

■ E.g., PubMed, PubMed Central

○ Web Data

■ E.g., COMETA (from Reddit), WebText

A Survey of Large Language Models for Healthcare: 

from Data, Technology, and Applications to 

Accountability and Ethics, 2025
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