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Masked Autoencoders, He et al., CVPR 2022BERT, Devlin et al., NAACL 2019

https://openaccess.thecvf.com/content/CVPR2022/papers/He_Masked_Autoencoders_Are_Scalable_Vision_Learners_CVPR_2022_paper.pdf
https://aclanthology.org/N19-1423/
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QEIEQTTPKTVRLGIVGKGGQGERIYSTRGIAITLSAYGGGIFAKTGGYLVNGK 
TRKLHPRECARVMGYPDSYKVHPSTSQAYKQFGNSVVINVLQYIAYNIGSSLNF 
KPY”



Can we learn a unified protein representation that 
captures both structure and function 

from sequence alone?
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Preliminaries
What is a Protein?
A protein consists of amino acids (AAs), each of which contains a unique side 
chain that determines its chemical properties and functional role.

An Amino Acid Molecule Table of Side Chains of 22 Amino Acids

Amino Group Carboxyl Group

Side Chain

https://www.jpt.com/support-contact/resources/amino-acids/?srsltid=AfmBOorRCXZYof-_T5jE1Obsmc5w8SEX_HHPEQQn58zU_iVgvqYYQr-m


Preliminaries
What is a Protein?
A protein begins its life as a chain of AAs linked by peptide bonds, formed 
between the carboxyl group of one AA and the amino group of the next.

How to Achieve Protein Sequencing?

https://labinsights.nl/en/article/how-to-achieve-protein-sequencing


Preliminaries
What is a Protein?
The atoms within AAs constantly interact with one another, driving the protein to 
fold into a stable three-dimensional structure that minimizes its free energy.

Energy Functions of AMBER Force Field Free Energy Landscape of a Protein

https://www.researchgate.net/figure/The-physical-models-for-the-AMBER-molecular-mechanics-force-field-Atoms-and-bonds-are_fig1_5773728
https://www.nature.com/articles/nsmb.1592


Preliminaries
What is a Protein?
The three-dimensional (tertiary) structure of a protein plays a key role in 
determining its function.

Flexible docking of a ligand to a protein
Hemoglobin conformational changes  

upon oxygen binding and release

http://mondale.ucsf.edu/jcim2008/
https://pdb101.rcsb.org/motm/41
https://pdb101.rcsb.org/motm/41


Related Work
Protein Structure Prediction
Nature folds an AA chain into a functional 3D structure within milliseconds. 
Yet predicting that structure remained an unsolved problem until AlphaFold.

Max F. Perutz (Nobel Laureate, Chem. 1962) 
with his first high-resolution model of haemoglobin.

Median of prediction accuracies from  
the best performing teams in CASP (2006—2020)

https://www.maxperutzlabs.ac.at/about/max-f-perutz
https://www.maxperutzlabs.ac.at/about/max-f-perutz
https://deepmind.google/blog/alphafold-a-solution-to-a-50-year-old-grand-challenge-in-biology/
https://deepmind.google/blog/alphafold-a-solution-to-a-50-year-old-grand-challenge-in-biology/


Related Work
Protein Structure Prediction
AlphaFold and AlphaFold2 were designed to predict the structure of individual 
proteins using evolutionary signals derived from sequence and structural data.

AlphaFold 2 Network Architecture

https://www.nature.com/articles/s41586-021-03819-2


Related Work
Protein Structure Prediction
AlphaFold relies on Multiple Sequence Alignment (MSA), a technique that 
identifies evolutionarily related sequences and captures co-evolutionary signals.

Conserved patterns 
may imply functional sites.

Coevolved patterns help maintain 
protein structure.



Related Work
Protein Structure Prediction
Despite their success, MSA-based approaches have several limitations.

High Computational Cost
Reduced Performance  

without Co-evolutionary Signals



Related Work
Protein Structure Prediction
MSA can be viewed as a form of explicit evolutionary feature engineering, 
similar to hand-crafted descriptors used in early computer vision.

SIFT, Lowe, IJCV 2004

https://link.springer.com/article/10.1023/B:VISI.0000029664.99615.94


Related Work
Protein Language Models (PLMs)
Like LLMs acquire knowledge from large training corpora, protein language 
models (PLMs) learn useful representations through self-supervised learning.

ESM-2, Lin et al., Science 2023 DPLM-2, Wang et al., ICLR 2024

Structure Prediction Protein Generation

https://www.science.org/doi/10.1126/science.ade2574
https://openreview.net/forum?id=5z9GjHgerY


Related Work
Protein Language Models (PLMs)
Like LLMs acquire knowledge from large training corpora, protein language 
models (PLMs) learn useful representations through self-supervised learning.

ESM-2, Lin et al., Science 2023 DPLM-2, Wang et al., ICLR 2024

200K Structures from PDB

45M Sequences from UniRef50 
50M Sequences from UniRef50

https://www.science.org/doi/10.1126/science.ade2574
https://openreview.net/forum?id=5z9GjHgerY


Have we truly observed scaling laws in PLMs?



ESM Cambrian (ESMC)
Learning Protein Representations via Masked Language Modeling
ESM Cambrian (ESMC) is a family of transformer models trained on protein 
sequences by optimizing the masked language modeling objective:


,


letting the model to predict amino acid types  at randomly masked positions 
 using the context .

ℒ = 𝔼x,M[ − ∑
i∈M

log p(xi |x\M)]

xi

i ∈ M x\M



ESM Cambrian (ESMC)
Learning Protein Representations via Masked Language Modeling
ESMC family comes with three variants: 300M, 600M, and 6B. 
Each model consists of 16, 24, and 80 transformer layers, respectively.

ESMC Network Architecture



ESM Cambrian (ESMC)
Learning Protein Representations via Masked Language Modeling
All models were trained on a large-scale dataset composed of three sources:


1. UniRef (~156M Sequences) 

2. MGnify (~621M Sequences) 

3. Joint Genome Institute (JGI) Metagenome Database (2B Sequences) 

In total, the pretraining dataset contains 2.8 billion sequences, approximately 
56× larger than the dataset used to train ESM-2.



ESM Cambrian (ESMC)
Scaling Law and Emergence of Properties
With the increased dataset size, ESMC exhibits log-linear scaling laws with 
respect to (1) training FLOPs and (2) model size.

Structural and functional features emerge during pretraining!
Scaling Laws and Layer-wise Emergent Properties



ESM Cambrian (ESMC)
Scaling Law and Emergence of Properties
Multiple Sequence Alignment (MSA) can identify co-evolving, yet separated 
residue pairs that are important for maintaining protein structure. 
→ Do ESMC representations encode similar information?

Conserved sequence patterns 
can reveal functional sites.

Evolutionarily conserved patterns 
help maintain protein structure.



ESM Cambrian (ESMC)
Scaling Law and Emergence of Properties
After pretraining, a logistic regression probe is trained to predict long-range 
residue contacts (|i − j| ≥ 24).

Transformer protein language models are unsupervised structure learners, Rao et al., ICLR 2021

20 
Training Examples

20,775 
Test Examples

https://openreview.net/forum?id=fylclEqgvgd


ESM Cambrian (ESMC)
Scaling Law and Emergence of Properties
Representation quality is assessed by how accurately a logistic regression 
probe predicts long-range contacts.


For each protein of length , we


1. Extract ESMC attention maps computed from the sequence;


2. Predict contact probabilities using the trained logistic regression model;


3. Compute the precision of the  most confident predictions as P@L.

L

L



ESM Cambrian (ESMC)
Scaling Law and Emergence of Properties
With the fixed dataset size (2.8B), the precision (P@L) increases with the total 
training FLOPs and parameter counts.

ESM2 performance plateaus due to the limited size of  
its pretraining dataset (~50M sequences from UniRef50).



ESM Cambrian (ESMC)
Scaling Law and Emergence of Properties
Furthermore, different layers in ESMC-6B (80 in total) encode distinct structural 
and functional information.

Long Range Interaction 
→ Later Layers

Enzyme Classification Number 
→ Middle Layers



ESM Cambrian (ESMC)
Scaling Law and Emergence of Properties
Key Takeaway: Masked language modeling on protein sequences yields rich 
representations for predicting protein structure and function.

Large-Scale 
Pretraining

Emergent 
Properties!



ESMFold 2
A New SotA for Protein Complex Structure Prediction
ESMFold 2 is a protein folding model parameterized as a looped transformer, 
taking ESMC-6B representations as primary inputs (not MSA).

ESMFold 2 Network Architecture



ESMFold 2
A New SotA for Protein Complex Structure Prediction
The forward pass of ESMFold 2 begins by embedding the input sequence into 
ESMC-6B’s embedding space.

Layer-wise Features: [B, Lcrop, Nlayers + 1,Din]

Projected LwF: [B, Lcrop, Nlayers + 1,dz]
Learnable Layer Weights: [Nlayers + 1]
Single Representation: [B, Lcrop, dz]
Pair Representation: [B, Lcrop, Lcrop, dz]



ESMFold 2
A New SotA for Protein Complex Structure Prediction
Combined with other embeddings (e.g., atom features), the sequence 
embeddings are processed by a looped transformer, followed by a DiT.

ESMFold 2 Network Architecture



ESMFold 2
A New SotA for Protein Complex Structure Prediction
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ESMFold 2
A New SotA for Protein Complex Structure Prediction

EDM

Confidence 
Outputs



ESMFold 2
A New SotA for Protein Complex Structure Prediction
ESMFold 2 outperforms AlphaFold 3 even without MSA, and benefits further 
from optional MSA inputs.

Comparison on FoldBench Antibody-Antigen (Left), Protein-Protein (Middle), and Runs N’ Poses Benchmark (Right)



ESMFold 2
A New SotA for Protein Complex Structure Prediction
The scaling law extends to ESMFold 2: structure prediction performance 
improves with the quality of ESMC representations.

Scaling Law of Structure Prediction Accuracy with ESMC Training FLOPs

FoldBench  
Monomer

FoldBench 
Protein-Protein



ESMFold 2
Designing De Novo Minibinder and scFvs
Beyond structure prediction, ESMFold2 can be used to design binders for a 
given target by searching the sequence space and sampling candidate binders





where

• : the candidate binder sequence (desired output);


• : the target sequence (input);


• : the structure of the target-bound complex (auxiliary output).

p(x, s) = p(s |x, t)p(x)

x

t

s



ESMFold 2
Designing De Novo Minibinder and scFvs
Similar to BoltzDesign1, new protein sequences are designed by iteratively 
updating amino acid token logits through backpropagation.

BoltzDesign1 Overview, Cho et al., bioRxiv 2025

https://www.biorxiv.org/content/10.1101/2025.04.06.647261v1
https://www.biorxiv.org/content/10.1101/2025.04.06.647261v1


ESMFold 2
Designing De Novo Minibinder and scFvs
Across five clinically relevant targets (PDGFRβ , EGFR, PD-L1, CD45, CTLA-4), 
the gradient-based sequence optimization produced high-affinity binders.

High-affinity binders for each target and modality. Gray: Target proteins, Cartoons: Designed binders.

Wet Lab 
Validated



Do ESMC representations encode information 
useful beyond structure prediction?



Analyzing ESMC Latent Space
Mechanistic Interpretation using Sparse Autoencoders (SAEs)
The ESMC latent space is analyzed using sparse autoencoders (SAEs), a 
method widely used to identify interpretable features in LLMs.

Towards Monosemanticity, Anthropic, 2023

https://transformer-circuits.pub/2023/monosemantic-features


For each token’s hidden-state activation , an SAE is trained to map it 
to a sparse vector  ( ):


,


which can be passed through a decoder layer to reconstruct


.


To enforce sparsity, we keep 
top  elements of  and zero-out the rest during training.

x ∈ ℝdmodel

f ∈ ℝdSAE dSAE > dmodel

f = ReLU(W⊤
enc(x − b))

̂x = W⊤
dec f + b

K f

Analyzing ESMC Latent Space
Mechanistic Interpretation using Sparse Autoencoders (SAEs)

Standard Basis, Wikipedia

Basis Coordinates

https://en.wikipedia.org/wiki/Standard_basis


Analyzing ESMC Latent Space
Mechanistic Interpretation using Sparse Autoencoders (SAEs)
SAEs are trained for every layer of ESMC-{300M, 600M, 6B} models, using 8B 
tokens drawn from the pretraining dataset. Specifically:


1. A separate SAE is trained for every layer;


2. For each layer, SAEs with different feature dimensions ( ) and 
sparsity levels (8-128) are trained;


3. The analysis mainly focus on an SAE trained with activations at layer 60, with 
a -dimensional feature space and sparsity level of .

213 − 217

214 64



Analyzing ESMC Latent Space
Mechanistic Interpretation using Sparse Autoencoders (SAEs)
Due to the high dimensionality of the feature space ( ), the team developed an 
agentic system to annotate features in natural language including:


• Summary: The biological concept represented by a feature;


• Examples: Proteins in which the feature activates;


• Activation Pattern: A description of the activation pattern.

214



Analyzing ESMC Latent Space
Mechanistic Interpretation using Sparse Autoencoders (SAEs)
The system iterates over hypothesis-verification cycle with multiple data splits 
and holdouts, producing a generalizable descriptions as outputs.

Multi-agent system for generating feature descriptions based on top-activating proteins from Swissprot

Unknown GPT-5 GPT-5

GPT-5
GPT-5

Unknown

Secondary 
Structure

Functional Annotation 
from SwissProt



Analyzing ESMC Latent Space
Mechanistic Interpretation using Sparse Autoencoders (SAEs)

Local

Global

Distribution of features in 2D and examples of biological concepts captured by SAE features



Analyzing ESMC Latent Space
Mechanistic Interpretation using Sparse Autoencoders (SAEs)
Complex functional mechanisms are represented through the composition of 
many features (e.g., glycine-rich loop and activation loops of kinases).

Phosphorylation catalyzed by a kinase SAE features activated on functionally relevant regions on a kinase CAMK1

Bonus: A cool video explaining the structure of kinases

https://www.youtube.com/watch?v=xG2WOd_fWqo


ESM Atlas
A Map of 6.8B Sequences and 1.1B Structures
Using ESMC representations, the team built ESM Atlas, which maps the 
structure and function of 6.8B sequences and 1.1B structures.

ESM Atlas Web Interface

“MSKGEELFTGV…”

ESMC-6B

ESM SAE

1D Vector Repr.

+ Pooling along Seq. Dim.

https://biohub.ai/esm/protein/atlas


ESM Atlas
A Map of 6.8B Sequences and 1.1B Structures
SAE features enable protein clustering and retrieval based on shared functional 
and structural concepts, beyond sequence or structure similarity alone.

UMAP projection of ESMC embeddings encoded from 7.7M sequences representing clusters with 50> members
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Conclusion
To summarize, this paper presents


1. ESMC, a family of protein language models trained on 2.8B sequences, 
exhibiting emergent representations of protein structure and function.


2. ESMFold2, a structure prediction model built on ESMC representations, 
achieving state-of-the-art performance without requiring MSAs.


3. Mechanistic analyses showing that ESMC representations capture 
biologically meaningful concepts across multiple layers.


4. ESM Atlas, a large-scale resource linking 6.8B sequences to 1.1B predicted 
structures for protein search, retrieval, and clustering.
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