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https://qiyanjun.github.io/2026sp-GenAI-Agents-Overview-Course/


Last Class

Advanced: 
• RL algorithms (PPO, GRPO, REINFORCE) explicitly maximize expected 

reward from a reward model – we normally call this group RLHF

• Direct alignment methods (DPO, IPO, KTO) optimize preference objectives 

without explicit reward modeling

• Though they can be shown to implicitly optimize an equivalent objective under 

certain assumptions



LLM Agents Basics:
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https://yusu.substack.com/p/language-agents 3

Tool use

Retrieval

https://yusu.substack.com/p/language-agents
https://yusu.substack.com/p/language-agents
https://yusu.substack.com/p/language-agents


 This Class: Agents in HCLS (Health Care and Life Science)

This Class: 
Agents in HCLS (Health Care and 

Life Science)

• Agent for Clinical Healthcare
• Agent for Science 

• Agent for Cancer Research and Oncology

• Agent Teammates
• Agent for Virtual Lab team  
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Agent for Healthcare 

e.g., A Survey of LLM-based Agents in Medicine: 
How far are we from Baymax?
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Diagnostic Agents
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Medical Advice

Medical 
Note 
Taking



Training Agents
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Answering 
problems 
from U.S. 
Medical 
Licensing 
Examination 
(USMLE)



Interactive Agents for Healthcare (e.g.,)
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Diagnostic 
Agents

Medical chatbots offer a pathway to improve healthcare for millions of people, understanding 
various languages, cultures, and health conditions, with initial results showing promise using 
healthcare-knowledgeable LLMs trained on large-scale web data, but suffer from 
hallucinations.

Approach

Knowledge 
Retrieval
Agents

Pairing diagnostic agents with medical knowledge retrieval agents can reduce hallucinations 
and improve response quality and preciseness 

Telemedicine
and Remote 
Monitoring

Agent-based AI in Telemedicine and Remote Monitoring can enhance healthcare access, 
improve communication between healthcare providers and patients, and increase the 
efficiency of doctor-patient interactions.



Agent for Science, e.g., 
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Natural 
language

Biology

ChemistryComputer 
programming
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One Agent's integrated chemical experiment design and 
execution capabilities• Source plate: reagents, 

e.g., phenyl acetylene 
and phenylboronic acid

• Target plate is installed 
on the heater-shaker 
module

• The Agent's goal is to 
design a protocol to 
perform Suzuki and 
Sonogashira reactions

• A. Overview of the 
Agent’s configuration.

• B. Available compounds.

• C. Liquid handler setup.
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Scenarios for Tools
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Agent for Cancer Research and Oncology 
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https://www.n

ature.com/arti

cles/s41568-

025-00900-0 

GREAT 
Survey! 

https://www.nature.com/articles/s41568-025-00900-0
https://www.nature.com/articles/s41568-025-00900-0
https://www.nature.com/articles/s41568-025-00900-0
https://www.nature.com/articles/s41568-025-00900-0
https://www.nature.com/articles/s41568-025-00900-0
https://www.nature.com/articles/s41568-025-00900-0
https://www.nature.com/articles/s41568-025-00900-0
https://www.nature.com/articles/s41568-025-00900-0
https://www.nature.com/articles/s41568-025-00900-0
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Agentic AI Teammates for Medicine 

2025 LANCET
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Introduction

From Tools to Teammates:

Shift from using AI as passive, reactive tools to proactive, agentic teammates.

AI agents can autonomously monitor healthcare systems, retrieve data, and track long-term 

patient histories

Key agentic capabilities of AI agents

LLMs have rapidly improved their reasoning and problem-solving abilities

LLMs have become more adept at interacting with the external environment and using tools

Collaborations between multiple AI agents with complementary expertise have expanded 

their capability to address open-ended challenges
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Example of Agentic AI in Medicine

MedAgents (Tang et al., 2024)
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Example of Agentic AI in Medicine

MDAgents (Kim et al., 2024)
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Potentials of AI agents in Medicine

Instead of juggling multiple tools (e.g., analyze medical images, search clinical 

guidelines), the clinician could interact with a single manager agent, which is 

able to orchestrate these tools.
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Safety and Regulation

Frameworks for evaluating and regulating AI agents

Existing assessments typically focus on AI performance for a narrow medical output. 

Confabulation by AI agents

Continuous performance monitoring will be essential

Boundaries for AI agent autonomy

Initial deployments might focus on low-risk administrative tasks in controlled virtual environments

Training of healthcare professionals

Healthcare professionals would also need training to effectively collaborate with these semi-

autonomous AI teammates.
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More Example on GenAI Agents for Medicine

Problem: 

Traditional therapeutic antibody design is 

expensive, time-consuming, and constrained by 

high-dimensional search spaces.

Solution: 

The paper introduces the Lab-in-the-loop (LitL) 

system, an AI-driven iterative optimization 

framework to automate and accelerate antibody 

design.

27/61Frey, N. C., Hotzel, I., Stanton, S. D., Kelly, R. L., Alberstein, R. G., Makowski, E. K., ... & Gligorijevic, V. (2025). 

Lab-in-the-loop therapeutic antibody design with deep learning. bioRxiv, 2025-02.



Virtual Lab Agent: 
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Nature volume 646, pages 716–723 (2025)

https://www.nature.com/
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The agents autonomously selected pre-
trained models to form a pipeline.
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Discussion: Strengths & Limitations

Strengths

Interdisciplinary reasoning across

immunology, ML, and computational biology in

a unified framework

Minimal human input with high-quality outputs

Multi-agent debate → more comprehensive,

critique-driven answers

Parallel meetings → improved consistency and

quality

Experimentally validated — not just

computational predictions

Architecture is domain-agnostic — applicable

beyond nanobody design

Limitations

Knowledge cutoff — agents may not know the

latest tools (e.g., suggested AlphaFold-Multimer,

not AlphaFold 3)

Code quality — initial scripts had errors

requiring human correction and follow-up

meetings

Prompt engineering needed — agents

sometimes avoid hard decisions without explicit

constraints

Underlying tools (AlphaFold, Rosetta) are

themselves imperfect predictors

Only 2 of 92 nanobodies showed truly novel

binding — hit rate is still low
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Conclusion

The Virtual Lab demonstrates a paradigm shift: from AI as a tool to AI as a research partner,

where human researchers collaborate with interdisciplinary LLM agents to perform complex science.

What was achieved:

A novel, multi-tool nanobody design pipeline (ESM + AlphaFold-Multimer + Rosetta) — created

almost entirely by LLM agents

92 nanobodies designed and experimentally validated

Two candidates with improved binding to JN.1/KP.3 SARS-CoV-2 variants

90%+ expression rate demonstrates the pipeline designs are biologically viable

Looking forward:

Better LLMs → better Virtual Lab performance (plug-and-play architecture)

Retrieval-augmented generation to address knowledge cutoffs

Broader application to other interdisciplinary scientific problems
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• Agent for Clinical Healthcare
• Agent for Science 

• Agent for Cancer Research and Oncology

• Agent Teammates
• Agent for Virtual Lab team  
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Recap: 



Now Team Presentation! 
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