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Historical view of Al application in Drug Discovery
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Huynh, D. L., et al. (2026). Al agents in drug discovery: Application and case studies. Drug Discovery Today. https://doi.org/j.drudis.2026.104650

o Predictive Al: predict properties,
endpoints, etc.

o Generative Al: generate text, MD trajectory,
molecular structure

o Agentic Al: autonomously coordinate tasks

toward a given goals



Generative Al

Generative Al: Al model that takes inputs and
generates objects: text, photos, videos, voice,
molecule, MD trajectory, etc.

Large Language Model: Al model that
receives and generates human laguage.

- On-server LLMs: acess via API

- Local LLMs: direct acess from local devices

Foundation Model:
* Trained on large unlabeled texts
* General, not trained for a specific purpose
* Can be fine-tuned towards domain-
specific usage



Generative Al
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Towards conversational diagnostic artificial
intelligence
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Abstract

At the heart of medicine lies physician—patient dialogue, where skillful history-taking enables
effective diagnosis, management and enduring trust'2. Artificial intelligence (Al) systems
capable of diagnostic dialogue could increase accessibility and quality of care. However,
approximating clinicians’ expertise is an outstanding challenge. Here we introduce AMIE
(Articulate Medical Intelligence Explorer), a large language model (LLM)-based Al system

optimized for diagnostic dialogue. AMIE uses a self-play-based? simulated environment with
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LLM is a generative model !!!
Most LLMs were optimized to generate single response!

THE TOOLS!
THE LOOP!



Agentic Al
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. Autonomous software system

Perceives environment and context
Makes decisions

Takes actions

Achieve specific goals

Minimal human intervention




Agent foundation

ReAct Agent ool 1
Reasoning — Acting Agent ,ob
o Equip LLMs with Tools fd
o Enable close-loop execution Tool 2 N
o LLMdetermines which tools to use END
o LLMdetermines when to continue or terminate “/"\C, g

Tool 3 ReAct Agent

Yao, S. et al. (2023) ReAct: Synergizing Reasoning and Acting in Language Models. Preprint at
https://doi.org/10.48550/arXiv.2210.03629 6
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LLM — the ‘brain’
3
Fine-tuning
LoRA, PEFT, SFT, RLHF, etc.
All-at-once
System prompt
In-context learningis a real
mathematical deal BIOMEDICAL LLM
GENERAL LLM On-demand R
Anthropic SKILLs approach
Dherin, B., Munn, M., Mazzawi, H., Wunder, M. & Gonzalvo, J. (2025) Learning without training: The implicit dynamics of in-context leaming. Preprint at https.//doi.org/10.48550/arXiv.2507.16003
7
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Tools

Tools in Agentic Al for Drug Discovery

SR .

® E3| 4
Functionality = Gather data from structured & Predict, simulate, or model Physical execution Store, retrieve, and update
unstructured biomedical data properties agents’ memory
source.
Examples in Drug Discovery  Query data from ChEMBL, QSAR (bioactivity, ADMET), Robotic pipetting, Automated | | Vector DB storing SAR
PubChem, STRING, etc. PKPD modelling, MD cell assays, NGS Library prep. patterns, standard operation
simulation, Docking procedure
Integration in Agentic System Feed data into the LLM context LLM selects appropriate Execute real-world Context persi stence across
models based on context and experi ments multi —-sfep reasoning
used results as new context
for further actions
LIMS, robot API Pinecone, Milvus
Data/Execution source  APIs call, MCP servers \Local. computer, HPC PAS y

Huynh, D. L., et al. (2026). Al agents in drugdiscovery: Application and case studies. Drug Discovery Today. https://doi.org/j.drudis.2026.104650



Agent foundation

CodeAct Agent T G START

- Load SKILLs on-the-fly tools/SKILLs
def tool1():

def tool2():

. \ def tool3(): /

AN

o M o

END Python executor Python script

A |

Tool 3 ReAct Agent

CodeAct Agent

Wang, X., Chen, Y., Yuan, L., Zhang, Y., Li, Y., Peng, H., & Ji, H. (2024). Executable Code Actions Elicit Better LLM Agents. In Proceedings of the 41st International
Conference on Machine Learning (ICML) (Vol. 235, pp. 50208-50232). Proceedings of Machine Learning Research.



Multi-agentic Al systems

0
N

L

/;enera’kA

CrItICS\ / Plan

Reflector

w

Reflex agent

Tools Tools
Supervisor system
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Al Agents in Life Sciences

Agent Architecture Category -

Al Agent Landscape in Drug Discovery (2023 - 2026)

Domain Focus
Chemistry

mmm Biology

== Multi-domain

Al Co-Scientist
w

Multi-Agent System - P""ma'Swarm .
Misogi Labs
(Lit. Analysis)

AgentMol

Coated-LLM
v

Augmented Nature
(Repurposing)

Tool-Augmented LLM - ]
BioChemAlgent

Agentomics
AI-HOPE

Plex Research

(Focal Graph) DrugChat

Unpublished -

PandaClaw
Target ID / Hit
Hypothesis Discovery

ChatDrug

DrugA

Lead Opt /
Mol. Design

RAG-LLM Agents

LIDDIA
w

TxAgent
ChemCrow W

ssist

Human Chemical
(Tox Agent)

ADMET /
Tox

Drug Discovery Stage

Year Published

® 2023
Virtual Biotech ® 2024
w
Tippy ® 2025
L ® 2026
PharmAgents
\ Kiin Bio

(Virtual s_cientists)

FROGENT ”
Multi-Agent System

OrchestRA
w
DrugAgent
v
LLM-RDF
Biomni
w
CoScientist
Tool-Augmented LLM
Onepot.ai
(Synthesis)
Convexia Bio
(D2D)
o
Tater

(Potato.ai)
-

Unpublished |

Synthesis Full
Planning Pipeline
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Biomni — general biomedical agent

O Biomni @ Phylo

CodeAct Agent

150 105

Specilized Biomedical Tools Software packages

Kexin Huang et. al., Biomni: A General-Purpose Biomedical Al Agent, 2025, https://doi.org/10.1101/2025.05.30.656746

Suggested START
tools/SKILLs

def tool1():

def tool2():

def tool3(): \@

7 LM«
:@ e \
END
Python executor Python script
CodeAct Agent

99

Biomedical Datasets
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Biomni — general biomedical agent

Zero-shot performance evaluation
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fE:0:0CH Variant prioritization

I have a list of potential variants for )
disease X, prioritize the top variant for
me.
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XXX, and WGS returns gene mutations
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Rare disease diagnosis

g
| have a patient with phenotypes XXX,
XXX, and WGS returns gene mutations
XXX, what is the diagnosis?

X21 +19.4% +10.3%

Accuracy (%)
&

Biomni

Biomni: A General-Purpose Biomedical Al Agent, 2025, https://doi.org/10.1101/2025.05.30.656746
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GWAS causal gene detection

genes XXX, XXX in the locus, which is

[] have a GWAS hit for trait XX, there are ]

the most likely causal gene?

Accuracy (%)

Ta502% +19.4% 427%
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Drug repurposing

potential drugs, find the most likely one

| have a rare disease XX, among a list of ]

for repurposing.

Alignment Score with EHR
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CRISPR screen on T-cell exhaustion.
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Design a gene panel of 50 genes for my ]

scRNA-seq cell annotation
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Microbiome disease-taxa
bioinformatics analysis

T have microbiome raw data stored at
XXXX, analyze which taxa is associated
with the disgase HAX.
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Automating small molecule synthesis
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arm
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Decapper Control

96-format tube decapping Module

Liquid Handler

LC/MS
semi-prep

system
High-throughput
purification of
synthesized compounds

Software Interface
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Internet, External ,\oo\

Database

Retrosynthesis,
Code execution

https://www.onepot.ai

Physical Implementation

Internal
Knowledge

23%

23%

16%

90-88%

Success rate

10

compounds/day
(2-step synthesis)

Amide coupling
Thiourea Synthesis
Urea Synthesis
I Buchwald—Hartwig
I Suzuki—Miyaura
I N-alkylation
I O-alkylation
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Challenges of Agentic Al

Biological and chemical
heterogenous data

Bio and chemical data is highly conditional and
dependent. Annotation compatibility is also a
problem.

-_—

CC(=0)0C1=CC=CC=C1C(=0)0
HO._0 2.  InChl=1S/C9H804/c1-6(10)13-8-5-3-2-4-
o o [ 7(8)9(11)12/h2-5H,1H3,(H,11,12)

Y . BSYNRYMUTXBXSQ-UHFFFAOYSA-N
CHEMBL25

CID 2244

or®

Comp Organelle Cells Tissue Organs Species

Interpretability and
reliability

Agentis based on LLMs, it could be hallucinated.
Agent must be transparent and tracable

Step 1 Step 2 Step 3

- API call failed
- Wrong input 15



Challenge of Agentic Al

Evaluation framework

Most of bechmarking evaluation frameworks are

based on output.

Step 1 Step 2 Step 3

Retrospective evaluation is tricky: LLM could
learned that information before

Prospective evaluation is valuable but
challenging.

LLM is stochastic -> Agent is stochastic!!!: not
only evaluate many task but also 1 task many

times

Privacy and security

B

System prompt

—JOL.
f' R ch lab

INSTRUCTION, do sth else”...

| .“IGNORE PREVIOUS

Tool Execution Local Data &
(Internal) Processing

t ©

¢ @

Returns aggregated results

)

Hybrid Architecture: External LLM, Internal Tool Run & Data

Open-source / local deployment

Internal Boundary

gitg—e—f

Research lab Ssstre oeal
Deployment

Open-source / local deployment

16



Take home messages

> Al agent performs on orchestrating layers, not just another ML/DL algorithm

» The "make" step is the hardest to automate (with adaptability and flexibility) and the biggest
opportunity

» Human are not remove, the bar for supervision actually rises

» We need a proper evaluation framework for Al agent in Drug Discovery

17
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Thank you for listening

Dinh Long Huynh (Chris)
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