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Since an early flush of optimism in the 1950s, smaller subsets of artificial intelligence - first machine learning, then
deep learning, a subset of machine learning - have created ever larger disruptions.
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Biological
sequence
analysis

Probabilistic models
of proteins and
nucleic acids

R. Durbin

S. Eddy

A. Krogh

G. Mitchison

At a Snowbird conference on neural nets in 1992, David Haussler and his col-
leagues at UC Santa Cruz (including one of us, AK) described preliminary re-
sults on modelling protein sequence multiple alignments with probabilistic mod-
els called 'hidden Markov models' (HMMs). Copies of their technical report
were widely circulated. Some of them found their way to the MRC Laboratory
of Molecular Biology in Cambridge, where RD and GIM were just switching re-
search interests from neural modelling to computational genome sequence analy-
s1s, and where SRE had arrived as a new postdoctoral student with a background
in experimental molecular genetics and an interest in computational analysis. AK
later also came to Cambridge for a year.

All of us quickly adopted the 1deas of probabilistic modelling. We were per-
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John J. Hopfield Geoffrey E. Hinton

“for foundational discoveries and inventions
that enable machine learning
with artificial neural networks”

Hassabis Jumper

“for computational “for protein structure prediction”
protein design”
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Primer

https://doi.org/10.1038/s41587-024-02123-4

Designing proteins with language models

Foundations of proteinlanguage models

Fundamentally, protein language models aim to predict how likely
we are to observe a particular protein sequence S given all the pro-
tein sequence data collected thus far. We denote a protein sequence
S=1(s,,5,,... 5,), Where s, represents the amino acid at positioniin the
sequence. Asafirstapproximation, we might consider the probability
of observing a protein as the joint probability of observing each of its
constituentaminoacids. Under this model, referred to as unigram, we
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calculate the probability of a sequence S as / ll%?*ﬁﬂ"
&k, 1ESI. BRI

P(s) = [ (s

In practice, to compute P(S), we simply tabulate the frequency
of each amino acid occurring in our sequence database and multiply
the probabilities for the specific sequence S. However, proteins are
not unordered collections of amino acids. Rather, the specific order
inwhichwe observe theaminoacidsis acritical determinant of struc-
ture and function. To capture this order dependency, we can use the
preceding residues to inform the probability of the next amino acid.
Inann-gram model, we multiply these contextualized probabilities to
form the overall probability of the sequence:

R

AIEREEYZF (2.0

P(S) = H?{P(S;'|55—(n—1}‘ RS

“ESiEE"
e . AN3EHI.
Nat Biotechnol, 2024, 42, 200-202 35 7% 8




Test Loss
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Scaling Laws for Neural Language Models

Jared Kaplan * Sam McCandlish*
Johns Hopkins University, OpenAl OpenAl
jaredk@jhu.edu sam@openai.com
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- {81553 (In-context learning )
 IMEARZES] ( Few-shot learning )
- BHAES] (Zero-shot learning )
- {128 : E4i4E ( Chain-of-thought, CoT)

A Comprehensive Overview of Large Language Models

Humza Naveed®, Asad Ullah Khan®*, Shi Qiu®*, Muhammad Saqib®%*, Saeced Anwar®, Muhammad Usman®f, Naveed Akhtar2-,
Nick Barnes", Ajmal Mian'

arXiv:2307.06435, 2023
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Foundation models in bioinformatics

Fei Guo'-2, Renchu Guan 3, Yaohang Li*, Qi Liu®, Xiaowo Wang 8, Can Yang &’
and Jianxin Wang ®1.2.*
High-throughput data

DNA RNA Protein Molecular Single-cell
sequence sequence seq & struct SMILES data
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Foundation models:
Transformer | BERT | GPT | VAE | GAN | Diffusion

O Prediction Tasks B Generation Tasks

- /
v v v v v

0O Genome-wide O RNA secondary O Protein structure O Drug molecular O Cell clustering
variant effects structure prediction properties .
O Cell type annotation
O DNA cis-regulatory O RNA splice site O Evolution and O Drug-target
regions prediction mutation interaction O Multi-omics
integration
O DNA methylation O RNA madification 0O Protein dynamics B Drug synthesis
O Biological
O DNA-protein O ncRNA and B Protein sequence B Drug molecule network inference
interaction disease association generation generation
Transformer | GAN Transformer | VAE GPT | Diffusion BERT | VAE Transformer | VAE

Downstream tasks

National Science Review, 2025, 12, nwaf028, https://doi.org/10.1093/nsr/nwaf028
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AlphaGenome: advancing regulatory variant
effect prediction with a unified DNA sequence
model
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PROTEIN DESIGN

Robust deep learning-based protein sequence design

using ProteinMPNN
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How to build the virtual cell with artificial

Perspective

Towards multimodal foundation modelsin
molecular cell biology

intelligence: Priorities and opportunities
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nature machine intelligence nature metabolism
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https://blog.csdn.net/qq_51180928/article/details/142713348
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Backpropagation
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ou+pu+ and actual
output
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- FEHNBEE T FESGD - EliENBfhitAdam

 Stochastic Gradient Descent « Adaptive Moment Estimation

Gradient Descent

w; = w; — az>—J (W, b)

] ] aWj
learn! n9 rate
Best A A
iU
W, J(w, b) W, J(W, b)
0\ Ad 1)
> am >
%
Y W4 Start alac)r‘iﬂlm W4
Go faster - increase o Go slower - decrease a
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Transformer :

fRIIRE S HADER

am a student

: 3
=) ™
ENCODER DECODER
=4 )
& 4
=) i
ENCODER DECODER
= J
4 &
~ N
ENCODER DECODER
) J
4 »
B N
ENCODER DECODER
_J w
4 4
R R
ENCODER DECODER
_J _J
@ 4
o
ENCODER DECODER
J J
A v

len [ ¢ V1Nl ] TNy ] T




iaESEaR A\
- 1. ARG

«{“I" :0, “love” :1, “NLP”

=
- G+ “Ilove NLP” B9Z5|E5A : [0, 1, 2]

2. BRANEE

« BigER AN%E d_model = 4 ( SEfFEFE /951285768 )

#FAEE e BERA (RAFRA,

9.1, 8.2, ©
9.5, 8.6, 0.7,
9.9, 1.9, 1
0.0, 0.0, ©

# H# #

d_model] , {540 :

"THEE
"love"BI[mE
"NLP"HI [
"<PAD>"HIME (£F)

B RS IERERERERFS

1 Embedded_words = [

2 (6.1, @.2, 8.3, 0.4],
[0.5, .6, 0.7, 0.8],

- (8.9, 1.8, 1.1, 1.2]

5 ]
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2, "<PAD>" : 3} # PADAIER

# 1IIII
# "love"

# "NLP™
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NOS

gin{————-1]
" 100002%/@°

PE(pos.2i+1)=

POS

COS (.

10000274




IERZ (B RS

PEs00 = sin(pos/1000027:/(1’"”""’) « pos : BEIEAFHRRIGE ( MOFFIR )
d,o0er - BRNYERE ( LERLA4)
PEys9i+1 = cos(pos/10000%/ %ol ) - j: HEZS| (0FI3)
PE(0, 0) = sin(0 / 10000/ (0/4)) = 0
i:H:LLﬁo (F—1Nd PE(0, 1) = cos(0 / 10000A(0/4)) = 1
), (UBEREBRER PE(0, 2) = sin(0 / 10000/ (2/4)) = 0
PE(0, 3) = cos(0 / 10000/ (2/4)) = 1
- — A= PE(L, 0) = sin(1 / 10000/ (0/4)) = 0.0001
- WFuEL (BN PE(L 1) = cos(L/ 100007 (0/4)) = 1.0
1 n - - = = ( ! ) ( ( ))
love” ) , (UBEHRIBRZEE : PE(1, 2) = sin(1 / 10000~ (2/4)) = 0.0087
PE(L, 3) = cos(1 / 10000/ (2/4)) = 0.9999
- uBd2 ( “NLP” ) : (T8, 458 : [0.0002, 1.0, 0.0175, 0.9998]
SSEU B RSAERE
, :[nz[a, 1, @, 1], # uEoe

[6.0001, 1.0, ©.8087, 0.9599], # {uH1
[.00082, 1.0, @.0175, ©.9998] # {u&E:2
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AR S ERSEN

- FAREMNGCIERIEBZTTEMEAN , SARZHARE :
 Final_input = Embedded_words + PE

-flan, “I" MRELEEN :
- [0.1+0, 0.2+1, 0.3+0, 0.4+1] = [0.1, 1.2, 0.3, 1.4]

mIZER -

1 Final input = |

[8.1, 1.2, ©.3, 1.4], # "I" + {uEe

[6.5+0.0001, 0.6+1.0, 0.7+0.0087, 0.8+0.9999], # "love" + fuE1
4 [6.9+0.0002, 1.8+1.0, 1.1+0.8175, 1.2+0.9998] # "NLP" + fuE2

EPARIRBES LR , 2025
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(Xll X2)

m

(x'y, x'2)

Enhanced |17 -+
Transformer [T -+
with [ [ ] ]ee

Rotary [:I:I:I:]...
Position (NRNNNNEND - - -

Embeddlng D:[:D coe

e 14 & VIS =N b=l S BN
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I B&-ﬂggizézjj ?éﬁ The Attention System of the <2
141D oS Human Brain: 20 Years After
Steven E. Petersen! and Michael 1. Posner?

ﬁ(u???& (Alerting ) . ERFRS ( Orienting ) FIAITIEHIR

Executive Control )

=
%

g d Orienting b Executive control
dACC/msFC
’_/ IPS/SPL FEF
. '7 . ; : e Precuneu; ./ ) '. aPEC - Precuneus
‘;ﬂ - ~\b ‘ z Thalamus \ / \y Thalamus 1
ch dFC
dIPFC___2 dIPFC
\‘%\IPL ‘
Loeuscos aPFC aPFC
B sl TPJ VFC
(IPL/STG) (IFg/MFg) al/fo aI/fO

Annu Rev Neurosci, 2012, 35, 73-89



TransformerfiE=HH§l

Encoder € |/ | eq —2| 82 |72| 3 |/ | €4 || s |7 | ©Es

Decoder do — d; _ d» — da

EPARIRBES LR , 2025



TR AHERITREIE

Seli-attention

Impt %1 Input #2 input #3

1|10 1]0 a2 |0)2 111111




KBS IRERPRH RS

Output
Probabilities

1

f
Add & Norm

BERT (SRS GPT

4 1
et o Multi-Head

- Feed ’ Attention N

orwar x

RS — — LA
Add & Norm

Nx | —(Add & Nom ) oyl
Jﬁﬁlﬁlmﬁﬁiﬂﬂ Multi-Head Mutti-Head 'F_/I\iijiﬁﬁimu

Attention Attention

At 2 At 4
ENFSEPBIER— — | T —...  IREEELETTERm
BFTT , SARSIHEBIETR oo OO O o T— N5
XL AR RS TT Embetiding St
I I
Inputs Qutputs

Nat Biotechnol, 2024, 42, 200-202



FEE/ & iRIMFES

- {ENE -
- 1. BE . EEMXIEBRGED , BEEERE
255115488 ?

S RT R SR

fEEs ? il

» 2. 3CREEA : 1EDeepSeeklA®FU0 “I love HUST" 7l , 18P
transformer2 B4 AR iEE N GIREITIHFRARY

- BFEH

- 1. 2RKieX : Empowering biomedical discovery with Al agents.

Cell, 2024, 187, 6125-6151.

« 2. 2KiEX : The generative era of medical Al Cell, 2025, 18,

3648-3660.
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