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AI for Drug Discovery

Fu et al, The future of pharmaceuticals: Artificial intelligence in drug discovery and development. JPA 2025.



• Multi-scale Biological System and Drugs

omolecule, cell, tissue, organs, cause of disease

• Basic AI Models for Biomecules

o sequence, structure, generative model

• MARS: finding small molecule drugs with multiple properties

• EnzyGen: A general generative model for enzyme design

• PPDiff: protein-binding complex design
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Outline
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Causes of 
Disease

Genetic 
factors

Environm
ental 

factors

Infectious 
Agent

Lifestyle 
factors
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Finding Effective Drugs



AI for Drug Discovery
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Target Identification
Drug Molecule Design

small molecule, peptide, protein

Clinical Trial 

Prediction



Drug Discovery and Development
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• Drug discovery and development is a long and risky process. 

• The successful launch of a new drug cost $1.3 billion on average and more than 10 years.



• Multi-scale Biological System and Drugs

omolecule, cell, tissue, organs, cause of disease

• Basic AI Models for Biomecules

o sequence, structure, generative model

• MARS: finding small molecule drugs with multiple properties

• EnzyGen: A general generative model for enzyme design

• PPDiff: protein-binding complex design
15

Outline
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• Proteins are building blocks of life

• Important biological functions

• sequence of amino acid residues (20 types)

20

Protein

VLLPDNHYLSTQSALSKDPNEKRD

HMVLLEFVTAAGIT

Amino Acids



Amino acids could be 

hydrophobic or 

hydrophilic. 

Amino acids are basic 

units of proteins.

Amino Acids

Amino acid Table

https://www.chemistryworld.com/features/why-are-there-20-amino-acids/3009378.article


Protein: sequence to structure to function

22

VLLPDNHYLS

TQSALSKD

sequence

structure
function



• Target Identification:

o which gene/protein is critical on the pathway of a disease context

o Feature/Network-based mining/ranking/prediction task

• Molecule generation

o search or generate highly possible drug molecule leads

• Structure/Property prediction

o predicting structures, protein folding

o binding to target, toxic, absorbable, synthesizable, side effect

• Clinical trial outcome prediction

o consider cell and patient environment 23

Drug Discovery as AI Tasks



• Molecule Sequence

o Language model: Transformer

• Molecule structure

oGraph neural networks

o Equivariant GNN for 3D structures

• Modeling interactions

omolecule docking: how ligand binds to protein

omolecular dynamics simulation

24

Basic AI Modelling Tools



Goal of Molecule Modelling 
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AI Model

(Neural Net)

structure

property

binding

generation



It was the best of times, it 

was the worst of times, it was 

the age of wisdom, it was the 

age of foolishness, it was the 

epoch of belief, it was the 

epoch of incredulity, it was 

the season of Light, it was the 

season of Darkness, …

Remdesivir:     C27H35N6O8P

SMLES representation:

CCC(CC)COC(=O)C(C)NP(=O)(OCC1
C(C(C(O1)(C#N)C2=CC=C3N2N=CN
=C3N)O)O)OC4=CC=CC=C4
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Molecule as Discrete Sequences of Tokens



• A probabilistic model of discrete sequences, including 

human languages and biological languages

Probability “Pittsburgh is a city of bridges”

Probability “VLLPDNHYLSTQSALSKDPN”

27

Language Model



Probability Model for Next Token
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Santa Barbara has very nice ____
beach
weather
snow 

bridges
corn

Pittsburgh is a city of ____

0.5
0.4
0.01 

0.6
0.02 

P(next word 𝑦𝑡 | Prompt 𝑥, previous words 𝑦1:𝑡−1)



Mathematics of Language Model

29

Probability “Pittsburgh is a city of bridges”
= 𝑃(“𝑃𝑖𝑡𝑡𝑠𝑏𝑢𝑟𝑔ℎ”) ∙ 𝑃(“𝑖𝑠”|“𝑃𝑖𝑡𝑡𝑠𝑏𝑢𝑟𝑔ℎ”)
∙ 𝑃(“𝑎”|”𝑃𝑖𝑡𝑡𝑠𝑏𝑢𝑟𝑔ℎ 𝑖𝑠”) ∙ 𝑃(“𝑐𝑖𝑡𝑦”| … ) ∙ 𝑃(“𝑜𝑓”| … )
∙ 𝑃(“𝑏𝑟𝑖𝑑𝑔𝑒𝑠”| … )

Prob. 𝑥1..𝑇 = ෑ

t=1

T

P(xt+1|x1..t)

Predicting using Neural Nets
(Transformer network, CNN, RNN)



Type of Language Models

30

Decoder

Encoder

Encoder-only

Masked LM

Non-autoregressive

Encoder-decoder Decoder-only

Autoregressive

Encoder Decoder

e.g. BERT

RoBERTa

ESM (for protein)

e.g. T5 e.g. GPT

LLaMA

ProGen (for protein)



• Token: a basic unit, atom, amino acid, nucleotide

31

Mapping Token to Embedding

𝐙 =

Embedding 
matrix

Embedding vector 
for a specific node

embedding dimension

number of 
tokens



• Using raw protein 

sequences for pre-

training

o Training loss: predicting 

masked residues

• ESM [Meier et al 2021] 

and ESM-2 [Lin et al 

2023]

32

Protein Language Model 1: Mask LM

G I [M] E Q [M] C

Glycine
Isoleucine

Glutamic acid
Glutamine

Cysteine

V C

Transformer encoder



• Using raw protein sequences 

and their category tags for 

pre-training

o training loss: predicting next 

residue

• ProGen [Madani et al 2023] 

and ProGen2 [Nijkamp et al 

2023]

• Protein Tag is insufficient!
33

Protein Language Model 2: Casual LM 

G I V E Q C

Glycine
Isoleucine Glutamic acid

Glutamine
Cysteine

VG

Transformer decoder

E Q C CI

Valine

Tag

Protein 

family



Molecule as a Graph

34

Toxic?



Graph Neural Network

35

Output is an embedding matrix for nodes

for further downstream tasks: e.g. node property prediction

GNN Layer GNN Layer



Graph Neural Network (MPNN) to model 

molecule graphs

36[Tsubaki et al, 2018.]
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Graph of Fragments

[Tsubaki et al, 2018.]



• Matrix of 3D coordinates

• Matrix of angles

38

Modelling 3D Structure of Molecules



Equivariance in Embedding Transformation

39[Satorres et al, 2021.]

f is Equivariant (SE3 invariant):

𝑓 𝑅 𝑥 + 𝑧 = 𝑓 𝑥

No matter how we rotate and 

move the molecule, the NN will 

compute the same embeddings

X are coordinates

H are features

g is the rotation/translation

𝐹 𝐻, 𝑔 𝑋 = 𝐹(𝐻, 𝑋)



• model the 3D geometry of a molecule
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Equivariant Graph Neural Network (EGNN)

[Satorres et al, 2021.]

𝑑𝑖𝑗 = 𝑥𝑖 − 𝑥𝑗 2

𝑚𝑗→𝑖 = 𝑀𝑘 ℎ𝑖
𝑘 , ℎ𝑗

𝑘 , 𝑑𝑖𝑗

𝑚𝑖
𝑘+1 = ෍

𝑣𝑗∈𝑁 𝑣𝑖

𝑚𝑗→𝑖

ℎ𝑖
𝑘+1 = 𝑈𝑘(ℎ𝑖

𝑘 , 𝑚𝑖
𝑘+1)



• 3D Objects (coordinates)

oMolecule structures

• Discrete sequences

41

Diffusion Models are state-of-the-art models 

for (Continuous) Data Generation



Probabilistic Generative Process

42

Start from initial 

distribution 𝑝𝑇 𝑥𝑇

e.g. Gaussian 𝑁 0, 𝐼

final data

𝑥0~𝑝0 𝑥0|𝑥1

Generate slightly 

improved data

𝑥𝑡−1~𝑝𝑡−1 𝑥𝑡−1|𝑥𝑡

The generation process is a Markov chain



Learning the generative model 

= learning the parameters for 

each 𝑝𝑡−1 𝑥𝑡−1|𝑥𝑡
It is difficult to directly construct a series of probability 

distributions

43

➔ Diffusion Models



• adding Gaussian noise at each time step t xt~𝑞 𝑥𝑡 𝑥𝑡−1 =
𝑁( 𝛼𝑡𝑥𝑡−1, 𝛽𝑡𝐼), 𝛼𝑡 = 1 − 𝛽𝑡

equivalently xt = 𝛼𝑡𝑥𝑡−1 + 𝛽𝑡𝜖, 𝜖~𝑁(0, 𝐼)

44

(Forward) Noising Process

t=0 t=1 t=T

Consequence: with sufficient large T, the result will be Gaussian noise
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(Reverse) Generation/Denoising Process

t=0 t=1 t=T

Learning problem: how to find parameters of p to match the 

sequence of noised images?

adding noise 𝑞 𝑥𝑡 𝑥𝑡−1

𝑝 𝑥𝑡−1 𝑥𝑡
generate
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Diffusion Model

target data

t=0
noise 

t=T

Learning problem: how to find parameters of p to match the 

sequence of noised images?

adding noise 
𝑞 𝑥𝑡 𝑥𝑡−1

generate

𝑝 𝑥𝑡−1 𝑥𝑡

𝑥0 𝑥1 𝑥2 𝑥𝑡−1 𝑥𝑡 𝑥𝑇



• Multi-scale Biological System and Drugs

omolecule, cell, tissue, organs, cause of disease

• Basic AI Models for Biomecules

o sequence, structure, generative model

• MARS: finding small molecule drugs with multiple properties

• EnzyGen: A general generative model for enzyme design

• PPDiff: protein-binding complex design
47

Outline



● Target: A large, complex protein that performs various 

functions in the body. 

● Ligand (Small Molecule): A small chemical compound 

that binds to a protein to produce a biological effect. The 

"drug" we want to design.

● Binding Pocket: The specific region on a protein's surface 

where a ligand binds.

● Conformation: The specific 3D arrangement of atoms in a 

molecule. Proteins can be flexible and change their shape

48

Key Concepts for Drug Design



● Side Chains: The flexible parts of a protein's building 

blocks (amino acids) that line the binding pocket.

● De Novo Drug Design: The process of creating novel 

molecular structures from scratch, rather than modifying 

existing ones, to achieve desired therapeutic properties.

49

Key Terminology for Drug Design



Designing Small-molecule Drugs needs to Meet Multiple 

Objectives

50

Satisfy multiple 

properties with 

high scores

Produce diverse 

and novel 

molecules

scarce lab 

measured data



• Current generative model can only find molecules with high 

similarities comparing to existing drugs/potential drug 

candidates.

51

Finding Novel Drugs is Important

FDA Approved DrugAI Designed 

Drug Candidate

Previously Reported

Drug Candidate

Walters et al. Nature Biotechnology 38, 143–145(2020)



MARS: Iterative Graph Editing for Drug 

Generation

52

• Start from initial molecule (e.g. C2H6)

• For each step, propose a new molecule x’ by 

modifying existing one, 𝑥′~𝑞(𝑥′|𝑥 𝑡−1 )

• Accept wrt ratio: 𝒜(𝑥, 𝑥′) = 𝑚𝑖𝑛 1,
𝜋𝛼(𝑥′)𝑞(𝑥|𝑥′)

𝜋𝛼(𝑥)𝑞(𝑥′|𝑥)

… RejectAccept

…
H3C          CH3

Initialize Propose Propose

𝑥′~𝑞(𝑥′|𝑥 𝑡−1 ) 𝑥′~𝑞(𝑥′|𝑥 𝑡 )

𝑥(0) 𝑥(𝑡−1) 𝒜(𝑥 𝑡−1 , 𝑥′) 𝑥(𝑡) = 𝑥′ 𝒜(𝑥 𝑡 , 𝑥′)

Xie et al. MARS: Markov Molecular Sampling for Multi-objective Drug Discovery. ICLR 2021.



• Adding fragment

• Deleting fragment

53

Molecular Graph Editing

Xie et al. MARS: Markov Molecular Sampling for Multi-objective Drug Discovery. ICLR 2021.



MARS with 3D Structures Finds better 

Drugs fitting the Protein Pocket

54
Xie et al. MARS: Markov Molecular Sampling for Multi-objective Drug Discovery. ICLR 2021.



• Target-based molecule generation

• MARS, a simple yet flexible framework for multi-objective

• Based on MCMC sampling 

• Self-adaptive proposal trained on the fly => no need for data 

• Generates better molecules and explores lager chemical space

• => can discover novel and diverse drug-like molecules

• Challenges remaining: 

• more properties

• larger molecule, peptide, protein

55

Highlights of MARS



• Multi-scale Biological System and Drugs

omolecule, cell, tissue, organs, cause of disease

• Basic AI Models for Biomecules

o sequence, structure, generative model

• MARS: finding small molecule drugs with multiple properties

• EnzyGen: A general generative model for enzyme design

• PPDiff: protein-binding complex design
56

Outline



• biological catalyst to accelerate chemical reactions

o Enzymes reduce a reaction’s activation energy

57

Designing Effective Enzymes



• Functional Important Sites (Motif)

o Active sites – Binding to substrates

58

Motivation 1: How to design desired enzymes?

Scaffolding protein functional sites using deep learning. Wang et al, Science 2022.



Enzyme classification tree indicates enzymatic reaction type

59

Motivation 2: How to design desired enzymes?
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Song, Zhao, Shi, Jin, Yang, Li. Generative Enzyme Design Guided by 

Functionally Important Sites and Small-Molecule Substrates. ICML 2024.



• Substrate Specificity:

Different enzymes binding 

to specific substrates to 

speedup enzymatic 

reactions 

60

Motivation 3: How to design desired enzymes?



• Controllable Design

o Functional Sites 

o Enzyme family category

61

EnzyGen Model – NAEL backbone

Song, Zhao, Shi, Jin, Yang, Li. Generative Enzyme Design Guided by Functionally Important Sites and Small-Molecule Substrates. ICML 2024.
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Neighborhood Attentive Equivariant Layer 
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Song, Zhao, Shi, Jin, Yang, Li. Generative Enzyme Design Guided by Functionally Important Sites and Small-Molecule Substrates. ICML 2024.



• Training Objective

o Predict whole protein 

sequence

o Predict whole structure

o Predict enzyme-substrate 

binding

63

EnzyGen Learning

Song, Zhao, Shi, Jin, Yang, Li. Generative Enzyme Design Guided by Functionally Important Sites and Small-Molecule Substrates. ICML 2024.
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Neighborhood Attentive Equivariant Layer (NAEL)

Song, Zhao, Shi, Jin, Yang, Li. Generative Enzyme Design Guided by Functionally Important Sites and Small-Molecule Substrates. ICML 2024.



mining common sites within one family

65

Functional Site Discovery

A E F G H M

H E M G N M

S E K G S M

T E V G R M

I E W G L M

Song, Zhao, Shi, Jin, Yang, Li. Generative Enzyme Design Guided by Functionally Important Sites and Small-Molecule Substrates. ICML 2024.



• Extracted from BRENDA

o 8422 fourth-level enzyme classes (enzymatic reaction types)

• Selected PDB entries: 101974

o 3157 fourth-level enzyme classes

o discover functional sites for each class

oMerging into third-level categories: 256

o 30 largest categories
▪ Split 50 for validation & 50 for testing

66

EnzyBench Dataset

Song, Zhao, Shi, Jin, Yang, Li. Generative Enzyme Design Guided by Functionally Important Sites and Small-Molecule Substrates. ICML 2024.



EnzyGen achieves higher enzyme-substrate interaction score 

in 20 out of 30 categories
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EnzyGen generates enzymes with higher function scores

0.4

0.5

0.6

0.7

0.8

0.9

1

Peroxidases Pentosyltransferases Phosphoric-diester
hydrolases

Hydro-lyases Average

ESP Score

PROTSEED RFDiffusion+IF ESM2+EGNN EnzyGen
Song, Zhao, Shi, Jin, Yang, Li. Generative Enzyme Design Guided by Functionally Important Sites and Small-Molecule Substrates. ICML 2024.



68

EnzyGen designs “good” enzymes in zero-

shot categories

Shikimate kinase
(ATP:shikimate 3-phosphotransferase)

Arylesterase
(substrate paraoxon)



• A unified model for 3k enzyme families

• Guided Generation

o Functional Important Sites, automatically mined from PDB

o Enzymy category tags (BRENDA)

• Sequence and Structure Co-design

oNeighborhood Attentive Equivariant Layer

• Trained takes substrate binding into consideration

69

Highlights of EnzyGen



• Multi-scale Biological System and Drugs

omolecule, cell, tissue, organs, cause of disease

• Basic AI Models for Biomecules

o sequence, structure, generative model

• MARS: finding small molecule drugs with multiple properties

• EnzyGen: A general generative model for enzyme design

• PPDiff: protein-binding complex design
70

Outline



71

Protein-Protein Complex Design

• Goal: design a protein to bind to another target protein



• Diffusing in hybrid space

oDiscrete sequence diffusion

oContinuous structure diffusion
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PPDiff
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Diffusion ProcessNoise

Generative Process

Interleaving Block

Causal Attention

Layer

PPDiff Interleaving Block

Transformer Layer

kNN Equivariant 

Graph Layer

PPDiff

PDB

Protein-Protein

Complex

Pretraining

Finetuning

target-protein

mini-binder

complex design

antigen-antibody 

complex design

......

(a) (b)

... ...

Diffusion ProcessNoise

Generative Process

Causal Attention Layer

SSINC Network

Self-Attention Layer

kNN Equivariant Graph Layer

PPDiff

PDB

Protein-Protein

Complex

Pretraining

Finetuning

target-protein

mini-binder

complex design

antigen-antibody 

complex design

......

(a) (b)PPDiff

• SSINC Network

o Interleaving network (NAEL)

oCasual attention layers

Song, Li, Li, Min. PPDiff: Diffusing in Hybrid Sequence-Structure Space for Protein-Protein Complex Design. ICML 2025.



PPDiff achieves 50% success rate across diverse protein 

targets
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PPDiff generates novel binders with higher success rate
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Song, Li, Li, Min. PPDiff: Diffusing in Hybrid Sequence-Structure Space for Protein-Protein Complex Design. ICML 2025.



PPDiff achieves 16.89% success rate on antigen-antbody 

complex design 
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PPDiff generates novel antibodies with higher success rate
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Song, Li, Li, Min. PPDiff: Diffusing in Hybrid Sequence-Structure Space for Protein-Protein Complex Design. ICML 2025.
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PPDiff designs high-affinity binders/antibody 

across diverse target proteins

ipTM=0.89, pLDDT=90.12,

pTM=0.88, Novelty=77%
ipTM=0.85, pLDDT=87.21,

pTM=0.87, Novelty=92%

ipTM=0.83, pLDDT=90.80,

pTM=0.87, CDRH3 novelty=55%

Song, Li, Li, Min. PPDiff: Diffusing in Hybrid Sequence-Structure Space for Protein-Protein Complex Design. ICML 2025.

influenza A H3 haemagglutinin



• A unified model for protein complex sequence-structure co-

design

• Diffusion in hybrid space

oDiscrete sequence diffusion

oContinuous structure diffusion

• Performs well in wide applications

oGeneration protein-protein complex design

o Target protein-mini binder complex design

o Antigen-antibody complex design 76

Highlights of PPDiff



• Multi-scale Biological System and Drugs

omolecule, cell, tissue, organs, cause of disease

• Basic AI Models for Biomecules

o Tokenization, Transformer, MPNN, EGNN, Diffusion Model

• MARS: finding small molecule drugs with multiple properties

• EnzyGen: A general generative model for enzyme design

• PPDiff: protein-binding complex design
77

Summary



• Formulating as an AI problem

o Input info: properties, tags, motifs, ligand, 3D structure

oGenerate: sequence, graph, structure

• Modelling Structure/Geometry is critical for molecules and 

function

• Modeling the mutual constraints between sequence and 

structure is useful

• Modelling Interaction between protein-ligand complex

78

Takeaway of AI Drug Design



Small MoleculeProtein

79

Molecule Design at CMU Li lab

EnzyGen SurfPro

IsEMPro
MARS MolEdit3D

RLHEX

https://leililab.github.io/

LSSAMP

PPDiff InstructPro
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