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Outline

2

➢ The history of Natural Language Processing

➢ How to train or fine-tune a large language model 

• Data preparation and tokenization

• Build a GPT model

• Training and finetuning

➢ A GPT-style LLMs: evo 

➢ BERT-style LLMs: from ESM-2 to ESM3

➢ Chat with biology foundation model



Sequence data (language) modeling
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Language AI for sequence data modeling
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A recent history of language AI
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Bag-of-words

• The bag-of-words (BoW) model is a model of text which uses an unordered collection (a "bag") of 

words. 

• Limitation: disregards word order (and thus most of syntax or grammar)

Yesterday, investors were rallying, but 

today, they are retreating.

Yesterday, investors were retreating, but 

today, they are rallying.



N-gram models
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• For biological sequence: codon preference, sequence motif



Where is the meaning: word vector
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Word embedding
➢ one-hot embedding
➢ Word2Vec

• CBOW
• Skip-gram
• FastText

➢ GloVe



CBOW (Continuous Bag of Words)
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The real goal is not to complete the prediction task, but to learn the useful by-product that emerges 

from the process—the word embedding matrix.

W(t)



CBOW vs. Skip-gram
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Attention is all you need
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•

➢ Query Q = [𝑞1, … , 𝑞𝑛], key K = [𝑘1, … , 𝑘𝑛], value V = 𝑣1, … , 𝑣𝑛
➢ Compute weights with each others in the whole sequence
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Transformer architecture
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Current large language models



Large language models for natural language
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From natural language to life language 
- Taking proteins as an example

Sequence

Secondary 

structure

Tertiary 

structure

Quaternary 

structure
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Traditional methods vs LLM for biological sequence 
modeling

Traditional methods LLM

Rule-based, feature engineering, 

statistical models (e.g. HMM)
End-to-end self-supervised learning

Strong interpretability but limited 

generalization

Capture complex biological 

patterns, generalizable

Small amount of data Large scale training data

Lightweight model Huge and computation-heavy
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Build a Large Language Model
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Three stages to build an LLM and finetune it
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Build text data input-label pairs

Predict the next word condition 

of the given passage

Input and label are random cropping from whole text

Moving the sliding windows to random cropping input batches
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Tokenization of text data

Construct a one-to-one mapping 

between the text vocabulary and 

the token ID vocabulary: 

⚫ Word vocabulary encoding

⚫ Byte pair encoding
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Tokenization of text data

Tokenization is reversible
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From input text to token embeddings

The embedding layer converts identical 

tokens into identical vectors.
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How to add positional embeddings
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Implement the self-attention mechanism
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Mask and dropout of attention weight

A causal attention mechanism is employed to mask 

subsequent words, preventing the model from seeing 

any tokens that appear after the current word.

Applying dropout to the attention 

matrix helps prevent overfitting
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Build the GPT model framework

Input length × token vocabulary size
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Processing GPT outputs, from probability matrix to text
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Training of LLMs
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Finetune of LLMs

The downstream task is a 

classification task
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Finetune of LLMs

I. Freeze all parameters of the pre-trained model.

II. Modify certain layers of the model, such as the 

output layer.

III. Determine which layers can have their parameters 

fine-tuned, such as the last layer of the Transformer 

and the output layer as shown in the code.

IV. Sometimes, different learning rates or optimizers 

can also be used to adjust the fine-tuning degree of 

different layers.



31

LoRA

Fixed

Fixed

LoRA (Low-Rank Adaptation) freezes the pre-trained model

weights and injects trainable low-rank matrices into Transformer

layers, greatly reducing the number of parameters to be trained

and effectively preventing overfitting, enabling efficient fine-

tuning of large models.
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GPT-style architecture for sequence generation

The GPT-style architecture is 

conducive to generation tasks
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Evo: genomic foundation model for sequence modeling

Evo: genomic foundation model across 

prokaryotic life

StripedHyena

architecture
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From Evo to Evo2

• StripedHyena model architecture

• Training data: 2.7 million prokaryotic and 

phage genomes, 340B tokens

• Context length: 8k, 131k

• Parameters: 7 billion

• StripedHyena2 model architecture

• Training data: bacteria, archaea, eukarya, 

and bacteriophage genomes, 9.3T tokens

• Context length: 8k, 1M

• Parameters: 7 billion, 40 billion

Science, 2024 bioRxiv, 2025
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Overview of Evo2

DesignZero-shot prediction

Supervised prediction
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Training data and two-phase training strategy

Learn functional 

genetic elements 

Learn relationship 

between elements 

across long genomic 

distances
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Zero-shot prediction

• Zero-shot prediction: By learning the likelihood of sequences across vast evolutionary training 

datasets, biological sequence models can learn how mutational effects correlate with biological 

functions without any task-specific finetuning or supervision. 
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Evo 2 learns mutational effect on protein and RNA
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Use Evo2 embedding for supervised prediction
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Evo 2 captures the canonical exonic and intronic patterns

STOML2



41

Evo2 for sequence generation

• Evo 2 achieves high accuracy in gene sequence completion
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Evo 2 enables genome-scale generation

MitoZ annotated
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BERT-style architecture for sequence embedding

The BERT-style architecture facilitates a 

deeper understanding of representations.



ESMFold enables fast and accurate single sequence 
prediction with a pre-trained protein language model
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Extract evolutionary information

In AlphaFold2: row- and column-wise attention



Protein universe is far greater than that of the proteins 
known in the biological world.
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We need a protein foundation model to integrate the 
sequence, structure, function, and evolution information
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Structure prediction Function definition

Protein design Protein Evolution



ESM3: simulating evolution with a protein LLM

47(Science, 2025)

Unconditional generated 

sequences by ESM3 are 

diverse, high-quality, and 

cover the distribution of 

natural sequences.



ESM3 architecture
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• 98B parameters

• 3.15B protein sequences, 236M 

protein structures, and 539M 

proteins with function 

• masked language model (BERT-

style)



ESM3 employs a geometric attention mechanism to 
learn the relationships between protein residues
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Attention score matrix is a weighted sum of two terms:

• the pairwise distances between queries and keys rotated 

and translated by their respective backbone frames

• The pairwise dot products between queries and keys 

rotated by their respective backbone frames.

Sequence

Structure

Secondary structure

Solvent Accessible Surface Area

Function annotations

Residue annotations

an SE(3) invariant all-to-all attention mechanism



ESM3 Designs whole proteins with prompt of 
physicochemical property or atomic-level motifs
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ESM3 Generates a functional fluorescent protein
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ESM3 generate a fluorescent 

protein condition on residues 

required for forming and catalyzing 

the chromophore reaction

The fluorescent protein 

selected from 88 designed 

proteins is functional 

esmGFP exhibits 

fluorescence intensity similar 

to common GFPs.

esmGFP



esmGFP has distant similarity with known proteins (57% 
sequence identity to the nearest existing fluorescent protein)

52



53

Biological chat foundation model

Molecule

Genome and RNA

Protein 

sequence

Annotations

Prompts → Question Solution & response
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Biological chat foundation model
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Natural language centric

➢ Bio & Chem knowledge

➢ Medical  diagnosis

➢ Journals and literatures

Molecular sequence centric

Cell expression centric

System networks centric

Merged

➢ Genome 

➢ Small molecules

➢ RNA & protein 

➢ Single cell data 

➢ Spatial transcriptomics

➢ Neural circuit
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NatureLM: deciphering the
Language of Nature for Scientific Discovery
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NatureLM: deciphering the
Language of Nature for Scientific Discovery
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Instruction finetuning
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Instruction finetuning



Q&A
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