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a Outline

» 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




B Sequence data (language) modeling
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B Language Al for sequence data modeling

Text input
Unstructured data

Language Al

Processes the input text
v v v

Text output Embeddings Classification

Generative modeling Numeric values Identify targets
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B A recent history of language Al
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B 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)
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o M Yesterday, investors were rallying, but
| love this movie! It's sweet, {ai " the 4 i
but with satirical humor. The ary aways lovetq to 3 today, they are retrea“ng_
dialogue is great and the ] and whimsical rt-:-“ I and 3
adventure scenes are fun... ‘ i Seen anyone seen 2
It manages to be whimsical rﬁapp}r dialogue yet 1
and romantic while laughing adventure re‘}:“at:"i:a"ld woud 1
at the conventions of the whoSweet of mw:E whimsical 1
fairy tale genre. I.wuuld it putto m{namh I ‘ times 1
recommend it to just about several humor sweet 1
anyone. I've seen it several the again jt mewnuld satiical 1
times, and f'm always happy to scenes | the manage adventure Yesterday, investors were retreating, but
to see it again whenever | fun the times ggnre 1 :
have a friend who hasn' band o N fary today, they are rallying.
i while h 1 '
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a N-gram models

Text: “In consciousness studies the consciousness studies are fundamental”

Unigram In consciousness studies the are fundamental
. : conscioushess studies . studies
Bigram In consciousness . the consciousness are fundamental
studies the are
_ In consciousness consciousness studies the the consciousness consciousness studies are
Trigram g - : : .
studies studies the conscioushess studies studies are fundamental

© AIML.com Research

» 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




B# CBOW (Continuous Bag of Words)

Input layer Hidden layer Output layer
target word
great W(t-2)
Predict SHi

W(t)
W(t-1)
e E———

v

E3 KN N
\ J
f

Context words Context words

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.




® CBOW vs. Skip-gram
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a Attention is all you need

T - Attention is all

)V ¥ 4 youneed.

o Attention(Q, K,V) = Softmax( ¢
Vi

> Query Q =[qq,...,q,], key K = [k4, ..., k,,], value V = [v4, ..., v,]
» Compute weights with each others in the whole sequence

The cat stuck out its tongue and licked its owner
o L o L [ L o o [

® ® L o ® o o o
The cat stuck out its tongue and licked its owner




Transformer architecture

Predicting y'and
Encoder output head ) ’
( \ N
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B Currentlarge language models

Autoregressive language
model (e.g., GPT, GPT-2/3)

ABCDE
Model & 444414
illustration Autoregressive
Decoder
Frres
<s>ABCD
Training  Predicting what word comes
objective next given previous words
books
laptop
Example students opened their ' -

N e exams

eyes

Masked language model (e.g.,
BERT, RoBERTa XLM-R)

Encoder-Decoder (e.g., BART, T5)

ABCDE
1441414
( B|d|rect|onal ) C Bidirectional ) [Autoregressive)
Encoder Encoder Decoder
A et AL E oA BCD

Corrupting a sequence and then

Predicting masked words given
predicting the original sequence

other words in the sequence

opened

|

students [MASK] their books .

students opened their books.

their books . students opened




a 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

Primary —

MKLPIYTRF
GVNCSWQA
AIPLMN...

ABCDEFGHIJKLMNO
PQRSTUVWXYZ

Amino acids Alphabet

Jane
bicycle

Secondary — ride

Tertiary |

Quarternary

Protein

Jane rides her bicycle

Meaning

Jane rides her
bicycle to school.
But always with a
big bright light
and a helmet ...

Your
manuscript is
nowt
publishable

| am happy
when it rains.
When it rains,
I am happy.

Colourless
green ideas

sleep furiously.

Amyloid fibril




Traditional methods vs LLM for biological sequence

modeling

Traditional methods

Lightweight model

Small amount of data

Rule-based, feature engineering,
statistical models (e.g. HMM)

Strong interpretability but limited
generalization

LLM

Huge and computation-heavy

Large scale training data

End-to-end self-supervised learning

Capture complex biological
patterns, generalizable




B Build a Large Language Model

The LLM has a few
et capabilities

* Text completion fter pretraini
An LLM is pretrained on unlabeled . n aiter pretraining
* Few-shot capabilities
text data

1

* Internet texts Train Train ((+ Classification
: \?V(i)l?i:sedia — » Summarization
« Research articles y * Translation
Pretrained LLM * Personal assistant
Raw, unlabeled text (foundation model) -
(trillions of words)

Finetuned LLM

A pretrained LLM can be further
trained on a labeled dataset to obtain @ Labeled dataset

a finetuned LLM for specific tasks




B Three stages to build an LLM and finetune it

Finetune the pretrained
LLM to create a
STAGE 1 STAGE 2 classification model STAGE 3

1) Data ; Load \ Dataset with class labels
prezaaration 2) Attention J) LLM 5) Training 6) Model pr7e)tra|ned ‘
& sampling mechaniem architecture loop evaluation weights 8) Fmetunmg

I ey B

[ Building an LLM Foundation model ]

/ 7 [ [Ep—

Implement the data sampling and Pretrain the LLM on unlabeled . .
enderstand the besk mechaniom it ohtil s oiiation 1
model for further finetuning / Instruction dataset
Finetune the
pretrained LLM to
create a personal

assistant or chat model




B Build text data input-label pairs

I:’,‘ntple: [LLMs][Iearn] to predict one word at a time
[LLMs Iearn}[to]predict one word at a time
(LLMs learn to][predict] one word at a time  The!M
can't access
words past
[LLMs learn to predict][one]word at a time/ the target
[LLMs learn to predict one |word] at a time
/ 0 Targetto
; . predict
:.';.';'“‘"“ (LLMs learn to predict one word|(at]a time
receives

(LLMs learn to predict one word aﬂ@time

[LLMs learn to predict one word at a] [time]

Predict the next word condition
of the given passage

Input and label are random cropping from whole text

Sample text
("In(the heart o ) the)city stood the old library, a relic from a bygone era. Its
sto Pe walls bore\the marks of time, and ivy clung tightly to its facade ..."
P x =\tensor([[ ("In" a “the", "heart", "of" )] 3
Tensor [ llthell 2 llcity" . llstoodll . llthe" ] -
containing [ "old" ; '.Iibrar'y" , " , " , "q" ] ,
the inputs [ . 1D
y = tensor([[ ("the" S "heart", “of™, "the" ) 13
Tensor A [ "city", "stood", "the", "old" ],
containing [ “library", "a", "relic", "from" 1],
the targets [ . 1D

A stride of 4 moves the input field by 4 positions

»
ﬁthe heart ofﬁe city stood the]old library, a relic from a bygone era. Its

stone walls bore the\narks of time, and ivy clung tightly to its facade ..."

Inputs of batch 1:  "In the heart of"

Inputs of batch 2:  "the city stood the”

Moving the sliding windows to random cropping input batches




B Tokenization of text data

1) Tokenization breaks down the 2) Each unique token is added to the Text sample with
training set into individual tokens vocabulary in alphabetical order unknown ‘"°""

/\ /\ Unknown words are || Akwirw _ier"
tokenized into individual S s
tharacters or subwords /// \ \
Complete training dataset Tokenized training dataset Vocabulary
w ‘w "l tier

Tokens:

D : : 1 1 ! !
Input text — The | | auiok | | brown] || - | —> | 2 Token IDs: [33901][ 86 ][ 343 ][ 86 ][220 ][ 959]
A . - dog | —> 1
The quick brown fox jumps
over the lazy do =
s fox |— [ 2 Construct a one-to-one mapping

between the text vocabulary and
the token ID vocabulary:

jumps | —» 3

® \Word vocabulary encoding

Each unique token is / over | —» 5

mapped to a unique
integer called token

quick | — [ 6 ® Byte pair encoding

D the | —» 7

/ \

Unique tokens Token IDs




B Tokenization of text data

Calling tokenizer.encode(text) on sample text
/ class SimpleTokenizerVi:

def __init__(self, vocab):

Sample text Tokenized sample text Token IDs self.str_to_int = vocab #A
The brown dog self.int_to_str = {i:s for s,i in vocab.items()} #B
playfully chased | = [ The | [brown| [dog | [ ... | — |6 ][0 ][1|[..]
the swift fox Vocabulary def encode(self, text): #C

preprocessed = re.split(r'([,.72_!"()\']]--|\s)"', text)

preprocessed = [item.strip() for item in preprocessed if item.strip()]

ids = [self.str_to_int[s] for s in preprocessed]

( x return ids

Sample text
Token IDs Tokenized sample text P def decode(self, ids): #D
The brown dog text = " ".join([self.int_to_str[i] for i in ids])
| 6 ” 0 I | 1 I || —_— | The | |brown| | dog | [ | — playfully chased
Inverse the swift fox text = re.sub(r'\s+([,.2!"()\"])", r'\1', text) #E
\ vocabulary
— return text

\ Calling tokenizer.decode(ids) on token IDs

Tokenization is reversible




B From input text to token embeddings

Input text
( ‘|Hello, world. Is this-- a test?
Output text )
' Tokenized text -
(_Postprocessing steps ) [Rello | [] [world] [] [is] [tis ] [] [a]
| Weight matrix of the )
= embedding layer 0.3374 -=0.1778 -=0.1690
GPT-like 09178 15810  1.3010
decoder-only 12753 —0.2010_—0.1606
—04015 09666 —1.1481
transformer e ~1.1589 03255 —0.6315 fox
oKen S em
s = (C2:8400 —0.7849 —1.4096) o Jumps
I over
| P fox (J21] dog
P ~ jumps __, |3 Embedding vector of the
,/ Tokenembeddings: [ J(_ I | LU 0 J L ) OO0 IO d ] \ %‘fé ?
! T ‘ (1.2753_—0.2010_—0.1606)
: Embedded token IDs :0‘ _0976 _l.l +— Embedding vector of the third
i Token IDs: 40134 [2052| [ 133 | | 389 | | 12 | 05178 15810 13010 token ID
’ !
i
:n °"p‘t°":"i Tokenizedtext:  [This] [is | [an | [example] [-] The embedding layer converts identical
concept o . . .
salitine bt E\. T tokens into identical vectors.
into tokens :\ Input text: |This is an example. I I
\ /
N\, /




@ How to add positional embeddings

( Postprocessing steps)

T

The input embedding pipeline GPT-like vocab_size = 56257
we covered in this chapter decoder-only output dim = 256
transformer -

token_embedding_layer = torch.nn.Embedding(vocab_size, output_dim)

token_embeddings = token_embedding_layer(inputs)
/ Input embeddings: [zi)[22][23] [s1][zz][z3] [4a][42][43] Is.1||5.2lls.3I\ context_length = max_length

T T T E— LI  — — "1 pos_embedding_layer = torch.nn.Embedding(context_length, output_dim)
: Positional embeddings: [1a][12][13] [21[22][23] [e1][32]33] [ai][s2][43] :
+ + + + 1 i = '
i Token embeddings: (A ] O] DAL :pcs_embeddlngs pos_embedding_layer(torch.arange(context_length))
P ___________________'__T'____ __________ ﬁ' ____________ |__linput_embeddings = token_embeddings + pos_embeddings
Embedding of the first token T ibedding of the third token
Token IDs:  [40134| [2052 | [ 133 | |38 | [ 12 |
Tokenized text: [mhis| [ is | [Lan | [example] [.]

\ Input text: |This is an example. | J




Implement the self-attention mechanism

»
1) Compute attention scores) —
S
p
2) Compute attention weights | «—
.
4

3) Compute context vectors J «—
1

class SelfAttention_vZ(nn.Module):

Compute the attention scores as
dot products between the inputs

The attention weights are a normalized
version of the attention scores

The context vectors are computed as a
weighted sum over the inputs

def __init__(self, d_in, d_out, gkv_bias=False):

super().__init__()
self.d_out = d_out
self.W_query = nn.Linear(d_in,
self . W_key = nn.Linear(d_in,

self.W_value = nn.Linear(d_in,

def forward(self, x):
keys = self.W_key(x)
queries = self.W_query(x)
values = self.W_value(x)

attn_scores = queries @ keys.T

attn_weights = torch.softmax(attn_scores / keys.shape[-1]**8.5, dim=-1)

d_out, bias=qgkv_bias)
d_out, bias=gkv_bias)

d_out, bias=gkv_bias)

context_vec = attn_weights @ values

return context_vec

d,, =2
dm =3 out
D ——
: Weight Weight Weight
The embedding mm i mea'tgrix matrix ma?rix d,',, =3
vector x of the — =200 W, W, W,
second input token Inputs X | |, ¢ |
v l .L. d =2
Embedded queries, where the I_ out =
second row is the query — | | P odia 03[0
vector q(z) corresponding to I_”_] |_"_] I_"—l
po gz Queries Keys Values
the second input token x) [0) K 1%

Attention weight matrix
containing the attention
scores for each pair of

inputs \

[+}]
| =
o

Your
journey
with
step

Your |0.20||0.

nN
o

0.12(|0.12(0.14

1]

T

s

73]

0.19
journey |0.13((0.23||0.23|(0.12||0.10{|0.15
0.23/|0.12[0.11]|0.15

starts |0.13|(0.23

with |0.14{(0.20{{0.20(0.14(0.12|[0.17

ene |0.15/(0.19{|0.19)(0.13(|0.18](0.12

step |0.13(|0.21{/0.21(|0.14(/0.09((0.18

We multiply the inputs X
with weight matrix W, to
get the value matrix V

/ Context vector
corresponding to

.. the second input

~» | [Context token
vectors

This row contains the
attention weights (normalized
attention scores) computed
previously




a Mask and dropout of attention weight

1) Apply 2) Mask with 0’s 3) Normalize
softmax above diagonal rows
Attention scores Attention weights Masked attention scores Masked attention weights
(unnormalized) gnormalized) (unnormalized) (normalized)
“Normalized” means that the
values in each row sum to 1
> >
[ ) o [2]
c
5 5 § £ ¢ § 5 £E £ £ o @ -
3 328§ % § ¢ 3 3 8 % § ¢ N
2 -] 8 = c Q
L 2 s 5§ 4
Your |0.19 0.16"0.16 0.15/[0.17[|0.15 Your | 1.0 || «— Masked out . . ° Z
, " future tokens Your | 1.0 " |.| |.
ourne i
J Y 10.20|(0.16(|0.16|(0.14(|0.16|(0.14 journey |0.55 044" for the “Your” ..- - iourney ...D.E
starts [0.20/|0.16[0.16/|0.14{0.16/|0.14 starts |0.38 o.3o||o.31 token -
— e sars [oselosofosr | [T |
with (0.18(0.16/|0.16{[0.15||0.16/|0.15 with |0.27||0. || ! ;
0.27/|0.240.24 |{0.23 oith -.D..l: The dr?pout mask
one 0.18|[0.16//0.16(0.15|(0.16//0.15 one (0.21 o.19||o.19 0.18{[0.19 aplflledtoﬂ'e _
one .....I attention scores will
step |0.19][0.16([0.16/[0.15[[ 0.16{|0.15 tep |0.19ll0.1 " 16ll0.15/l0.16/[0.1 zero out certain
a step [0:19|2:16( 216/|0:18]|2:46) 015 step .|0.16||0.16"0.15 0.16| attention scores

fa

Attention weight for input tokens
corresponding to “step” and “Your”
A causal attention mechanism is employed to mask
subsequent words, preventing the model from seeing
any tokens that appear after the current word.

Dropout mask
with random
positions to be
dropped

Applying dropout to the attention
matrix helps prevent overfitting




B Build the GPT model framework

A 4X50,257-dimensional tensor

Inputbngﬂ1xtokenvocabuh&%%gg e

[[-0.0055, ..., -0.4747],
[ 0.2663, ..., -0.4224],
0.0276],

.., -0.3993]]

The transformer block is
repeated 12 times \

&

N\

~

Dropout

Feed forward

LayerNorm 2

Masked multi-head
attention

' LayerNorm 1 |

)

Dropout

(Pos'nional embedding layer )

( Token embedding layer J

‘/,,/”

The goal is for these embeddings to
be converted back into text such
that the last row represents the

word the model is supposed to

generate (here, the word “forward”)

[~ The last linear layer embeds
each token vector into a 50,257-
dimensional embedding, where
50,257 is the size of the
vocabulary

The GPT code
implementation includes a
L~ token embedding and
positional embedding layer,

which we covered in
Chapter 2

_J

1

Every effort moves you

def

class GPTModel(nn.Module):

__init__(self, cfg):

super().__init__()

self.tok_emb = nn.Embedding(cfg["vocab_size"], cfg["emb_dim"])
self.pos_emb = nn.Embedding(cfg["context_length"], cfg["emb_dim"])

self.drop_emb = nn.Dropout(cfg["drop_rate"])

self.trf_blocks = nn.Sequential(
*[TransformerBlock(cfg) for _ in range(cfg["n_layers"])])

self.final_norm = LayerNorm(cfg["emb_dim"])

self.out_head = nn.Linear(

cfg["emb_dim"], cfg["vocab_size"], bias=False

forward(self, in_idx):

batch_size, seq_len = in_idx.shape

tok_embeds = self.tok_emb(in_idx)

pos_embeds = self.pos_emb(torch.arange(seq_len, device=in_idx.device))
x = tok_embeds + pos_embeds

x = self.drop_emb(x)

x = self.trf_blocks(x)

x = self.final_norm(x)

logits = self.out_head(x)

return logits




B Processing GPT outputs, from probability matrix to text

2) The GPT model returns a matrix consisting S eo
of 4 vectors (rows), where each vector has ~‘~~\~
50257 dimensions (columns) ~‘~~~
1) Encode text input into 4 token IDs \ TTeel
3) Extract the last vector, which ~~~~_
R / (1549, -8.2M8, ..., ~0.80411, corresponds to the next token that the “\JIEI'_a_ti_o_n_

- » 11, GPT [ 1.2199, ..., -0.3599], GPT model is supposed to generate 1

— — —p 1

“» 314, [ 1.0446, ..., 0.0020], i

“an” 716] (r-0.4929, ..., -0.6093]]) F
“a” 257 . l 'Il 2
N LOgltS: [‘@.4929, ceey 2.4812, ceey ‘0.6093]] 4) Convert logits into pfobab“itz,’
distribution using the softmax function
Softmax l /
/
/
p 11it1 v . “ ey . ) AR * !
robabilities: [ 0.0001, 0.0200 0.0001]] ' . [ 3
TT—————_ 5) Identify the index position/of the
l l ‘ largest value, which also r¢fresents
the token 1D/’
(%] — 257 50257 7
6) Append token to the previous inputs l /l
for the next round If the largest element is at position ,/

“g” 257, we obtain token ID 257 ,/ °

Token ID decoded into text ’

The predicted token ID is appended

The initial tokens (context) to the context for the next round

provided as input to the LLM

[15496, 11, 314, 716]
_ . Hello I am

[15496, 11, 314, 716, 257] [2746]

Hello I am a model

[15496, 11, 314, 716, 257, 2746] — | [3492]

Hello , I am a model ready

|~ The output tokens after 6

[15496, ..., 3492, 284, 1037, 13] | rerations(max_new_tokens=¢)

Hello, I am a model ready to help.




B Training of LLMs

One epoch is one complete eval_freq, eval_iter, start_context, tokenizer):
(1) For each training epoch J «= pass over a training set train_losses, val_losses, track_tokens_seen = [], [], [] A
tokens_seen, global_step =8, -1

A \

def train_model_simple(model, train_loader, val_loader, optimizer, dewvice, num_epochs,

) . The number of batches is ) _
(2) For each batch in training Setj — . . for epoch in range(num_epochs): #B
determined by the training nodel . train()
\ ~ — set size divided by the size for input_batch, target_batch in train_loader:
3) Reset loss gradients of each batch optimizer.zero_grad() #C
\_ from previous epoch ) loss = calc_loss_batch(input_batch, target_batch, model, device)
* loss.backward() #D
(4 cCalculate losson ) optinizer.siep(} vE
L current batch g tokens_seen += input_batch.numel()
' N ™ These are the usual steps global-step +=
5) Backward pas§ to used for training deep if global_step % eval_freq == B: iF
\ SHC D e J neural networks in train_loss, val_loss = evaluate_model(
- * ~ PyTOI'Ch model, train_loader, val_loader, dewvice, ewval_iter)
6) Update model weights train_losses.append(train_loss)
\_ using loss gradients y, val_losses.append(val_loss)
* — track_tokens_seen.append(tokens_seen)
7) Print training and print(f"Ep {epoch+1} (Step {global_step:B6d}):
validation set losses f"Train loss {train_loss:.3f}, Val loss {val_loss:.3f}")

— /™ Optional steps for tracking
/ the training progress generate_and_print_sample( #G
[ 8) Generate sample text J model, tokenmizer, device, start_context

for visual inspection ]

return train_losses, val_losses, track_tokens_seen




B Finetune of LLMs

Stage 1:

Dataset preparation

’

1) Download
the dataset

v

J

|

-
2) Preprocess
dataset

v

J

|

~
3) Create data

loaders

v/

y,

In this section, we initialize the pretrained model
from the previous chapter that we will finetune

Stage 2:
Model setup

4) Initialize
model

|

r5) Load pretrainedw
weights J

|

d B
6) Modify model
L for finetuning

|

( %
7) Implement

evaluation utilities
\_ Y,

Stage 3:
Model finetuning
and usage

— [8) Finetune modeﬂ

|

( 9) Evaluate
finetuned model
\ J

|

e N
10) Use model
on new data y

Outputs

4

Linear output layer

GPT
model

Final LayerNorm

Feed forward

LayerNorm 2

LayerNorm 1

12 )(\L

J

wll

( Positional embedding Iayerj

t
K ( Token embedding layer J

.
R
:

The original linear output layer mapped
768 hidden units to 50,257 units (the
number of tokens in the vocabulary)

]

768
We replace the original linear output layer
above with a layer that maps from 768 hidden
units to only 2 units, where the 2 units

J

Tokenized text

_.I-..—.

Inputs

\represent the two classes (spam and non-spam))

The downstream task is a
classification task




Finetune of LLMs

# Listing 6.7 Adding a classification layer

torch.manual_seed(123)

num_classes = 2

model.out_head = torch.nn.Linear(
in_features=BASE_CONFIG[ "emb_dim"],

out_features=num_classes

)

for param in model.trf_blocks[-1].parameters():

param.requires_grad = True
for param in model.final_norm.parameters():

param.requires_grad = True

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

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

output layer.

lll. 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.




Fixed
Pretrained

Weights

= RdXd

W' =W +aA-B

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.

from peft import LoraConfig, TaskType

lora config = LoraConfig(
r=64,
lora_alpha=32,
lora_dropout=6.@5,

bias="none",

target modules=['up proj', 'gate proj', 'q proj', 'o proj', 'down proj',

task type=TaskType.CAUSAL LM,
inference mode=False # illlZiizt,
)
from peft import get peft model
try:
from openmind import Trainer
except:

from transformers import Trainer

# TR KRS S 5112k

model .enable input require grads()

# NF] PEFT BCE FIFLA

model = get peft model(model,lora config)

model .print_trainable parameters()




a GPT-style architecture for sequence generation

Creates the next Iteration 1 Iteration 2 Iteration 3
word based on

the input text

“This is” “This is an” “This is an example”

The GET-ster archlte_cture is
conducive to generation tasks i \ \

Decoder Decoder Decoder
A T A
(Preprocessing steps] [Preprocessing steps] [Preprocessing steps]

A T A

Input text Input text Input text

“This” > “This is” »| “This is an”

The output of the
previous round
serves as input to
the next round.




B Evo: genomic foundation

Evo: genomic foundation model across
prokaryotic life

Protein language model
|

MDY

RNA language model
|

Codon Iangluage model

SLLLLULLLULL LU LU LU L)L

Regulatory 11y b i
DNA model
-l

Promoter RBS  Coding sequence Promoter Non-coding RNA gene

Long-context genome foundation model

p(xy) ={0.5, 0.1, 0.2, 0.2}

model for sequence modeling

pp. 7276814

utoimmune
S .
Clenge MAAAS
& W

A takes aim. High-temperature 1" Type AGABA versatility wins
v bz - R (e

Output likelihood
A C G T

/‘_g-

™ SIS
oy

StripedHyena
architecture

(AT TC ., G)
(X1,X2;X31X41""XN-1)

Al learns the
language of life po. 729875

Input sequence




From Evo to Evo?2

» StripedHyena model architecture

« Training data: 2.7 million prokaryotic and
phage genomes, 340B tokens

« Context length: 8k, 131k

« Parameters: 7 billion

»101111010.c

4011C '0001101u.
J117 M1 016 "'10
110 11t 00
21C
Vg

*0101001¢
M101u.. O
701101

o1 110 111
10 01: .010
'0110101 11C 01.000
10001 00 1110°

*110100LI16.01101"
111011010

Science, 2024

» StripedHyena2 model architecture

« Training data: bacteria, archaea, eukarya,
and bacteriophage genomes, 9.3T tokens

« Context length: 8k, 1M

 Parameters: 7 billion, 40 billion

'N101u. 01
'0110101 11C 01.
*10001.- 00 11}
*N110100uJ104V1101

£ *n1011010°
s loul DR

bioRxiv, 2025



B Overview of Evo2

. . . Prediction Prediction Design
ZerO-ShOt pred|Ct|On DeS|gn Gene/IncRNA essentiality Genetic variant effects Genome-scale
% e o= 4 o= 00 LTS Cellular/
J— Sl ~ .
L ( /Q/ ' Q Organismal
TR R - )
. . Prediction Prediction Design
OUtpUt likelihood Protein mutational Secondary Protein complex
scanning structure feature ID generation
A C G T o S . 1 9 . (T’ \,\/’}) Protein
_ Application \x & 7] Al N
p(xy) ={0.5, 0.1, 0.2, 0.2} ‘ayer & Ul L2t
A
Prediction Prediction Prediction
| S I ncRNA mutational scanning  RNA stability/decay Exon classification

Splicing variant effects RNA
' icti [E— — otz ol o
Supervised prediction 152 CFE0 O o
Prediction Design
| Regulatory element Chromatin accessibility
controlled generation

feature ID

(AT T.C ., G) 0 am Epigenome
(X1,X2,X3,X4,...,XN_1) _:ril : / ﬂa

Input sequence Foundation

layer




@ Training data and two-phase training strategy

OpenGenome2: Training dataset composition & i Broublits
X W7 T. thermophila

7389 7000 698 T ; C. elegans
g 6000 | ; 4 "/.A. thaliana
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B 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.

Evo 2 Forward
Likelihood landscape

o 4likelihood Evo 2 can be used to score the likelihoods across a DNA sequence.

import torch Ll;]
from evo2 import Evo2

evo2 _model = Evo2('evo2 7b')

i ) sequence = 'ACGT'
Vlikelihood input_ids = torch.tensor(

evo2_model.tokenizer.tokenize(sequence),
vy Vv v dtype=torch.int,

Predict fitness ) .unsqueeze(@).to('cuda:0")

tputs = evo2_model(input_ids)
[T [T OUTPUES, - -
p( [T ) logits = outputs[0]
P( L] )
print('Logits: ', logits)
p( OB PRIRBRDDIDY ) print('Shape (batch, length, vocab): ', logits.shape)




a Evo 2 learns mutational effect on protein and RNA

|Spearman p|

Vg

Zero-shot bacterial protein

p( SIRTIIIIIID )
p( G )

P( @D )
® Mutation

fitness prediction
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B Use Evo2 embedding for supervised prediction

Task: Exon classification

at basepair resolution £ Embeddings
Evo 2 embeddings can be saved for use downstream. We find that intermediate embeddings work better than final
Input I I I Output embeddings, see our paper for details.
sequence I I I likelihood
D(X1,.__,Xn 1} D(Xr) import torch L[;]

from evo2 import Evo2

. evo2 model = Evo2('evo2 7b')
Extracted embeddings
sequence = "ACGT'
input_ids = torch.tensor(
evo2_model.tokenizer.tokenize(sequence),
dtype=torch.int,

l ).unsqueeze(®).to('cuda:0")
m Predict ClaESX;T?er layer_name = 'blocks.28.mlp.13"'
p( I ) B 1 outputs, embeddings = evo2 model(input_ids, return_embeddings=True, layer_names=[layer name])
p( I ) — 0 print('Embeddings shape: ', embeddings[layer name].shape)

p( ) —




. Evo 2 captures the canonical exonic and intronic patterns

[ Evo2 7B base [IJNT25BMS [EEvo1

Ty b e

1.0
o |
o 0.8
% 4
{ 0.6:
0.4 -
0 ? @ \ 2 0 S S
£ @ \q?" ) < & 039 &
&.° F NN ‘5'& K 3 N g
AR & oW
Raw score —— Moving average (10bp window) 0 Exon UTR
0 0] M N mMAanr b
3
;i_: 0.5 1
2 STOMLZ2
8 o,
o 00 - ) LA A J J W I W
cum— H 1 N I N ~_H K-
35100000 35101000 35102000 35103000

Position, chromosome 9 (bp) m




Evo2 for sequence generation

Generation

Evo 2 can generate DNA sequences based on prompts.

from evo2 import Evo2
evo2_model = Evo2('evo2_7b")
output = evo2_model.generate(prompt_seqs=["ACGT"], n_tokens=480, temperature=1.0, top_k=4)

print(output.sequences[@])

Evo 2 achieves high accuracy in gene sequence completion

< 1007 Model (context length)

80 — [ Evo 2 7B (1M)
M Evo 2 40B (1M)
[ Evo 1 7B (8k)
40 [ Evo 1 7B (131k)

20

60 —

Amino acid
sequence recovery (%

Prompt ‘ Response

fisZ secY dnaK gyrA pgkl adh2? cycl hsp70 s15 act? actB gapdh —:m
H. valeanii E. coli S. cerevisiae C. reinhardtii A. thalania ~ H. sapiens | 1500-2000 nt—

e < ¢ @ ¥ 2




Evo 2 enables genome-scale generation

Design task: Unconstrained genome-scale generation

@ Eukaryotic

Prompt S Response

Prompt Response

§ — Mitochondrial genome (16 kb)

E—

O

M. genitalium genome (580 kb)

@

Yeast chromosome (330 kb)

Evo-generated mitochondrial genomes +————————————7000bp—————————
ND1  ND2 CO1 CO2 ATP6 CO3 ND4L ND4 ND5  CYTB ND6
ND3
co3
ND6
A - e
" Homo sapiens ATPE | oz T
i NC_012920.1 :
ND2 ND4L
ND6
— — DI -
ATP8
coz

 TERSmme ) = T  aa—-—
MitoZ annotated




B BERT-style architecture for sequence embedding

BERT

This is an example of how concise | can be

!
|

Encoder
Fills in the
2. 2 'y
missing
words to
generate
the original .
sentence ( Preprocessing steps ]
A

[ Input text ]

GPT

This is an example of how concise | can be
Decoder \
4

( Preprocessing steps ]

L )

L Input text J /

A Y
L This is an __ of how concise | __ be

7
This is an example of how concise | can ‘I\

/

AN

Learns to
generate one
word at a
time

Receives inputs where words

Receives incomplete texts

The BERT-style architecture facilitates a
deeper understanding of representations.

are randomly masked during
training




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

Extract evolutionary information

Pretrained via Masked LM
(oooooooo}— Recycling |
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In AlphaFold2: row- and column-wise attention




Protein universe is far greater than that of the proteins
known in the biological world.

About Blog ~

-

Exploring 1 million out of 772M proteins
Unknown
I

MGYP001318075998

pTM
Mean pLDDT

S nce length

View Structure

PDB
Nearest Neighbor (NN)
ore to NN

of Foldseek hits

3zrw chain B
0.8835
277

UniRef90
Nearest Neighbor (NN)
2 ue of NN

quence identity

Number of sequence hits

AOA2A5VOX5
6.607e-156
0.866

10




We need a protein foundation model to integrate the
sequence, structure, function, and evolution information

Protein design

(B)

*L S

monomer domain-swapped

dimer domain-swapped

trimer

A

domain-swapped oligomer

Function definit.ion

KNOWN UNKNOWN CONFIDENCE LEVEL

1.0 <0.5 0.5 0.9

Protein Evolution




simulating evolution with a protein LLM

©
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D .
: ‘b
i
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Unconditional generated
sequences by ESM3 are
diverse, high-quality, and
cover the distribution of
natural sequences.




ESM3 architecture
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3"‘" Backbone frames

o LR T T
Embed and
position-wise sum

1

Rt

Project logits for
each track

S I Y Y I A Y B I
f

Transformer Block

#
Transformer Block

T

Transformer Block

?

Transformer block

— .
+ geometric attention
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Secondary structure
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State
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ESM3 employs a geometric attention mechanism to
learn the relationships between protein residues

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.

Distance Attention
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. ESM3 Designs whole proteins with prompt of
physicochemical property or atomic-level motifs

e m e —————
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B ESMS3 Generates a functional fluorescent protein

ESMS3 generate a fluorescent

esmGFP exhibits

The fluorescent protein

protein condition on residues

fluorescence intensity similar

to common GFPs.

selected from 88 designed
proteins is functional

required for forming and catalyzing

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

w |:| Predicted structure of esmGFP L
- Different from nearest protein
LemTTTEN 1200
F . Within superkingdom G ((ismGFP’ H e esmGFP to nearest protein:
scroes BV sSsllom » 1000 b -~ Sequence Identity 58%
= & 50% . & ‘\(' \ Predicted Time 554 MY
08 — DU RN 7 \ o NURY Minimum Time 298 MY
2 x:zls: :l::: ’ \ w 8001 | q et Maximum Time 830 MY
— 0 0,
e 6 across order ik pporGFP L 2 i
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g Within family / \ E dng
20 across genus / 51 % 57% \ qE,
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o across species / \ 200
0.2 Within species i
across designs ‘ 56% .
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B Biological chat foundation model

Genome and RNA

Molecule

o,
",
'''''''
........

o
.
ot

Protein
sequence

Annotations

* Protein: MOTS-c

* Gene: MT-RNRI1

* Organism: Homo sapiens

* Sequences:
MRWOEMGYIFYPRKLR

Question: What is the solubi-
lity of this protein?

Prompts — Question

The solubility of a specific
protein, such as MOTS-c,
isn't typically available as a

General standard piece of o
L

LLMs information. Protein
solubility can depend on
various factors, including

pH, temperature, ...

Solution & response




. Biological chat foundation model

> Genome

Molecular sequence centric™ Rgisutlie el
» RNA & protein

Natural language centric
> Bio & Chem knowledge Cell expression centric

» Medical diagnosis

> Journals and literatures

System networks centric

» Neural circuit




a NatureLM: deciphering the
Language of Nature for Scientific Discovery

Data Volume

e | Cross-
~domain

i ¢

Protein, 65.2B [fext, 14.4B

—  ©° RNA, 27.5B [Cross-domain, 12.7B

PBiNA, 19.88B |Compounds, 4.2B
| Materials, 0.01B

Training Pipeline

Continual o
Pretraining

LLM NatureLM
—0
Oa o | Backbone LLM
Original Vocab Science Vocab
NaturelLM
I
d Applications }
Protein generation Small molecule generation and optimization Property prediction
* (In)Soluble Protein  « Property to compound * Binding affinity optimization * Protein
+  CDRH3region +  Protein to compound +  ADMET optimization * DNA
* Stable protein +  Protein to fragments +  Retrosynthesis « Compound
* Protein library * Molecule Library generation « interaction
generation
Materials generation RNA generation § Cross-domain translation @
Composition to material * Guide RNA generation * Protein - annotation
Bulk modulus to material * Protein-binding RNA generation * SMILES - IUPAC

Material library generation « RNAlibrary generation




NatureLM: deciphering the

Language of Nature for Scientific Discovery

{mol}CC(=0)0clcececcclC(=0)0{/mol)

{protein) GSGFREMAFPSGEK .. VTF Q (/protein)

{(dna) ATCAATATCCACCT... TGAT (/dna)

{material) LILILiLiO QO 00 0 0 0 0 (sg225) {/material}

Instruction:

Verify if there is a promoter region within
(dna)TGGACT- - - TGAGCTC(/dna)?

Response:

Yes.

Instruction:

Can the sequence (dna)GCCTGCCAG---AAAAC(/dna) be classified
as a transcription factor binding site?

Response:

No.

Instruction:

Enhance the effectiveness of the molecule
(mo1)COclee2e(c(OC)c10C)-cleee(OC)e(=0)ccl[CQ@H]|(NC(C)=0)CC2
(/mol) in penetrating the blood-brain barrier.

Accepted Response:
(mo1)COclee2e(c(OC)c10C)-cleee(OC)e(=0)cclC(NC(C)=0)CC2(/mol)
Reject Response:
(mo1)COclee2e(c(OC)c10C)-clece(OC)e(=0)ccl[CQQH|(NC(C)=0)
CC2(/mol)




Instruction finetuning

The input entry is formatted using the
e e -~_The token IDs that the LLM
T -~ - \‘s g
L ~sae \ / ) will receive as input def format_input(entry):
- 2.1) Format S { 2.2) Tokenize \
! \ ! ! instruction_text =
{' dataset entry "pol.ou is an instruction that . formatted entry v \ - (
\ /describes a task. Write a response 9 L 1 ; ; i C
N e R St sqpmpeiataiy Slstne the \mAi\ f"Below is an instruction that describes a task.
~, 2 e R == Neeannem= N
Sao _.-"-._request. N T . .
"matm;:?on":f"lgen;if;{ S c‘c?rr;ee--——" .‘;_'_‘i\\ . ;[55?023731%5?78123}7206:'3 f"Write a response that appropriately completes the request.
spelling of the following word.", nstruction: ’ r €210, ’ ’ : \ i . o . . ) N
"input": "Ocassion", Identify the correct spelling of the izgg?r .o er 9223, 4247, f \n\n### Instruction:\n{entry['instruction']}
"output": "The correct following word. ERRER ™ )
spelling is 'Occasion.'" Tt .
g!:szmm input_text = f"\n\n### Input:\n{entry['input']}" if entry["input"] else ""
return instruction_text + input_text
### Response: DR % - put_
The correct spelling is 'Occasion'. Tl AN
N instruction_plus_input = format_input(entry)

response_text = f"\n\n### Response:\n{entry[ 'output']}

full_text = instruction_plus_input + response_text

Below is an instruction that /\g X
_~"" S describes a task. Write a response self.encoded_texts.append(
that appropriately completes the (21106, 318, 281, 12064, \‘ .
_ request. 326, 8477, 257, 4876, 13, tokenizer.encode(full_text)
"instruction": "Convert 45 kilometers
" 19430, ... , 830, 10700,
to meters.", ### Instruction: 13) )
"input": "Ocassion",

’ : Convert 45 kilometers to meters.
"output": "45 kilometers is 45000

meters.'"

### Response:
45 kilometers is 45000 meters.

Target1 [ 1, 2, 3, 4,50256° ] — [ 1, 2, 3, 4,'50256 ]

Target2 [ s,fsozss,f(sozss, 50256, 50255] ] —> [ 650256, (-mo, -100, -100] ]

Target3 [ 8, 9,150256,| 50256, 50256 | ] — [ 8, 9,'50256, | -100, -100| ]

/ /

We don’t modify the first instance of the Vi sapiace AR ""‘::“ ﬁ’;k”"‘:": :‘oom
end-of-text (padding) token S ot ot riding) folan with -
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1) Dataset . .
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download and | —» E—
Preparing the dataset formatting dataset data loaders

After preparing the dataset and
loading a pretrained model, we

| now finetune the model on the
instruction data

: 5) Instruction 6) Inspecting
Stage 2: 4) Loading a : .
: : : — | finetuning the |— | the modelin
Finetuning the LLM pretrained LLM LLMg e 9
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