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Al tool vs Al co-scientist

Al tools Al agents

L cellpose

a generalist algorithm
& for cellular segmentation
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LLM systems that use tools



The Virtual Lab

The Virtual Lab is a team of interdisciplinary Al scientists that work with human scientist
on challenging, open-ended research.

Al scientists

Human Principal Scientific Immunologist Machine Computational
Researcher Investigator Critic Learning Biologist
Specialist

Self-learning agents

Virtual Lab School Swanson et al. Nature 2025



Virtual Lab Design

Immunologist
Title, Expertise, Goal, Role

Machine Learning Specialist G PT—4O as the
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: model
Agent creation base mode
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Human User Scientific Critic
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Example Virtual Lab team meeting
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Words written by different agents

110

Scientific Critic

Principal Investigator

Human Researcher
Immunologist

Machine Learning Specialist Computational Biologist

def compute_log_likelihood_ratios(seq: str, model, tokenizer) -> List[Tuple[int,
str, str, float]]:

Computes log-1ikelihood ratios for each possible point mutation in the
sequence.

Args:
seq (str): The input nanobody sequence.

model: The ESM model for masked language modeling.
tokenizer: Tokenizer corresponding to the ESM model.

Returns:
‘ List[Tuple[int, str, str, float]]: A list of tuples containing position,
original amino acid, mutated amino acid, and log-likelihood ratio.

try:
encoded_input = tokenizer(seq, return_tensors="pt’,
add_special_tokens=True
original_output = model(**encoded_input)

1og_likelihoods = []
amino_acids = 'ACDEFGHIKLMNPQRSTVMY'

for pos in range(1, len(seq) + 1): # Skip [CLS] token which is at index 6

if seq[pos - 1]
continue

aa:

mutated_sequence = seq[:pos - 1] + aa + seq[pos:]
mutated_input = tokenizer(mutated_sequence, return_tensor:
add_special_tokens=True)
mutated_output = model(**mutated_input)

original 11 = original_output.logits[e, pos,



Virtual Lab School of self-improving Al scientists

1. Choose Topics for Agents

nanobodies

SARS-CoV-2 spike protein

ESM

AlphaFold-Multimer

Rosetta
What is ESM? — PMC —

2. Self Generate Queries

SARS-CoV-2 variants KP.3 and JN.1

. What is ESM?
. How is ESM used for nanobody design?

. How are ESM embeddings used?

. How are ESM log-likelihoods used?

a s~ W N B

. How to design nanobodies with ESM?

3. Search PMC & Select Papers

Title: ESM for Nanobodies

Abstract: ESM is a tool for..

Title: ESM for Nanobodies

Abstract: ESM is a tool for..

Title: ESM for Peptides

Abstract: ESM can be used to..

Title: ESM for Antibodies

Abstract: Here we use ESM..

Title: ESM for Antibodies

Abstract: Here we use ESM.



4. Summarize Papers

Full Text: ESM is a tool

)

Summary: ESM is good

Title: ESM for Nanobodies E— PM =P for proteins that can be
C for nanobody design.

used to model nanobodies..

5. Finetune on Summaries

Summary: ESM is good for nanobody design.

Summary: ESM can’t be used for small molecules. =

Summary: ESM log-likelihoods are useful.

6. Evaluate via Q&A

Question: What is ESM good for?

Summary: ESM is good 1. Small molecules
pg[—> Nanobodies

for nanobody design. 2. Nanobodies

3. DNA




Example:Virtual Lab designs nanobodies for recent COVID variants

Virtual lab agents created novel computational
workflow to design nanobodies.

DVQLVE... AlphaFold

—»> QVQLVE... —» ESM — CSMLLR = 365 e

Rosetta

DVQLVE... DVQLVE...

AF ipLDDT =76.52 RS dG =-37.91
I |
v

DVQLVE...
WS = 50.36
]

ESM - selected stable nanobodies

AlphaFold = predicts nanobody + spike structure
Rosetta = estimates binding energy

3 models combined to select candidates for next round.



Virtual Lab designed nanobodies experimentally validated

Promising candidates
showing enhanced
binding to recent
JN.I variant and the
original WWuhan
variant.

177V-L59E-Q87A-R37Q V32F-G59D-N54S-F32S
vs. Nb21 ) vs. Ty1 Variant
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—e— JN.1RBD

—

n

o
l

= 100 100 — BSA

= .

g - Unmutated

e 50 50 —e— Wuhan RBD

—0— JN.1RBD
O >~ BSA

T e e
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log (dilution) log (dilution) Swanson et al. Nature 2025
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Part | Discussion

Virtual Lab of Al scientists can tackle versatile research.

Multiple agents w/ diverse expertise better than single agent.

Helpful to provide agent with memory and sandbox to safely

execute tools.

Agents have their own social dynamics.

Swanson et al. Nature 2025



2. Paper2Agen

Passive paper Interactive agent

AlphaGenome: advancing regulatory varian i '
P aGe 0 e ad _a ¢ g egu ato y varia t New Session © Chat [J Shell O Files 4 Source Control
effect prediction with a unified DNA sequence AG_Agent_Demo
model
Ziga Avsec' ©, Natasha Latysheva', Jun Cheng"’, Guido Novati'’, Kyle R. Taylor'", Tom Ward", Clare Bycroft”, Analyze gene expression data to identify the causal gene for
Lauren Nicolaisen'’, Eirini Arvaniti"’, Joshua Pan', Raina Thomas’, Vincent Dutordoir', Matteo Perino’, Soham chr11:116837649:T>G associated with Hypoalphalipoproteinemia in heart us-
De', Alexander Karollus', Adam Gayoso', Toby Sargeant’, Anne Mottram', Lai Hong Wong', Pavol Drotar', Adam )
Kosiorek', Andrew Senior', Richard Tanburn', Taylor Applebaum’, Souradeep Basu', Demis Hassabis' and ing AIphaGenome MCP.
Pushmeet Kohli‘(B 12:34:26 AM
1Google DeepMind, “These authors contributed equally to this work, & com (ZA); com (PK)
Deep learning models that predict from DNA are powerful Claude
tools for ing the genetic reg y code. Existing trade off input
length and prediction resolution, thereby limiting their ity scope and We present @ @ @ Thinking
AlphaGenome, which takes as input 1 of DNA and predicts of
genomic tracks up to single base pair resolution across diverse ities — i ing gene expi
histone transcription factor binding, chro-
matin contact maps, splice site usage, and splice junction coordinates and strength. Trained on human and
mouse or ds the P external models
on 24 out of 26 evaluations on variant effect predicti A ’s ability to sil score
variant effects across all the of L t variants
near the TAL1 oncogene. To facilitate broader use, we provide tools for making genome track and variant
effect predictions from sequence. <
Introduction

Interpreting the impact of genome sequence variation remains a central biological challenge. Non-coding
variants, which reside outside of protein-coding regions, are particularly challenging to interpret due to the
diverse molecular consequences they can elicit. For example, non-coding variants can modulate genome
properties such as chromatin accessibility, epigenetic modifications, and 3D chromatin conformation.
Variants can further influence messenger RNA (mRNA) availability by altering expression levels or
modifying sequence composition through splicing changes. Additionally, variants can exhibit cell type
or tissue-specific effects. Given that over 98% of observed genetic variation in humans is non-coding’,
global characterization of the complex effects of this vast majority of variants remains intractable without
computational predictions. ¥ Processing... (2s) - %= 77 tokens - esc to interrupt

Computational methods can learn patterns from experimental data to predict and explain variant
effects. One class of methods, sequence-to-function models®®, takes a DNA sequence as input and
predicts genome tracks — a data format associating each DNA base pair with a value (representing read
coverage, count, or signal) derived from experimental assays performed in cell lines or tissues. Genome ® Bypass Permissions
tracks span various data modalities measuring gene expression (with output types comprising RNA-
seq, CAGE-seq, PRO-cap), splicing (splice sites, splice site usage, splice junctions), DNA accessibility
(DNase-seq, ATAC-seq), histone modification (ChIP-seq), transcription factor binding (TF ChIP-seq), or
chromatin conformation (Hi-C/micro-C). Successfully trained sequence-to-function models accurately 8
predict experimental measurements from input sequences. Furthermore, by comparing genome track
predictions from an alternative sequence versus a reference sequence, these models can predict the
molecular effects of variants.

Press Enter to send - Shift+Enter for new line - Tab to change modes - @ to reference files
Currently, deep learning-based sequence-to-function models face two fundamental tradeoffs con-

Hard to adopt code/data to new project. Miao et al. arXiv 2025



Paper2Agent automated workflow

Egp©

Environment oy ‘ul
agent Gefme Testing
Input / Configured age_nt_ ——— __Output _
environment
— N identify the — g1 Remote Connect vfith " I
— o> ‘ :_— —I—> ———> |~ Hugging Face ——p ( m ) :
— | codebase : derver Al agenl I
Codebase / Test I MCP server | e
Paper @ L python file ) |\ Paper Agent ;
Extraction e mmmmwwf ————ame o
agent - @ HApSIE MCp:RY N l(.!;.J' <Paper> Agent
Implemented tools ool
p i User: Apply this paper’s method to
my dataset

Challenge: LLM may not use the codebase/data

Agent: Absolutely! The analysis
results are presented below:

v e

Code repository Instructions for

link scientific task 2
. . Supplements Instructions for ; ‘\
Solution: use multiple sub-agents to create el WAool il il ol

from the paper properly. i

robust MCP server based on the paper.

MCP tools MCP resources MCP prompts



Genome Biology

[SOFTWARE ____________________________ OpenAccess]

SCANPY: large-scale single-cell gene
expression data analysis

F. Alexander Woif'* @, Philipp Angerer' and Fabian J. Theis' 2"

Paper2MCP

/

I
|
|
|
|
|
|
|
|
|
|
|
|
|
I
\

Case study: Scanpy agent

— — — — — — —— — —— — — — — —— —

@ Scanpy MCP Server

quality_control_basic_filtering(): calculate
quality control metrics and apply basic filtering

clustering_analysis(): perform Leiden
clustering at multiple resolutions

Scanpy

documents link

Instructions for

preprocessing and

clustering

S — — — — — — — — — — — — — — — — ——

MCP tools

MCP resources

MCP prompts

Connected
to

B —
Al Agent

I
|
I
I
I
I

/

8000

......

*

«(X)» Scanpy Agent

User: Perform standard quality
control on my single-cell data:
data.h5ad

Agent: Quality control completed
successfully! The analysis filtered
your data to 17,041 cells and
23,424 genes.




Scanpy agent reproduces human expert analyses

User: Perform standard single-cell preprocessing and clustering pipeline on this single cell data: data.h5ad

Scanpy agent produced results Human researcher produced results
Highly
variable
gene
UMAP g
Cell type annotation :

using differentially
expressed genes

R HE I T




Percentage Correct (%)

Paper2Agent correctly performs complex analyses

Tutorial-based benchmark Novel benchmark Tutorial-based benchmark Novel benchmark
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Agent-agent collaboration = new discoveries

( ________ ~N

I Paper for I Paper2MCP

! : =

| anew method |

N )

{ ________ ~N

I Paper for I

: anewdata | Paper2MCP
)

P Y —

MCP for ] Connect
method J

N
MCP for Connect >
data

g

(X Al co-scientist

User: Generate novel hypotheses by integrating insights
from the two papers. For each, design and execute an
actionable research plan

Agent: Certainly! Here are 10 hypotheses and
corresponding study plans:

1. Hypothesis 1 — Research plan... / @

2. Hypothesis 2 — Research plan... <

Human-in-the-loop
(optional)




Agent-agent collaboration = new discoveries

AlphaGenome Agent collaborating with the ADHD GWAS paper agent
|

Findings

« Among 209 candidate variants in locus 27, rs1626703 alters MPHOSPH9 splicing and expression in
glutamatergic neurons (AlphaGenome quantile scores: splice = 1.000, RNA-seq = 0.963).

+ MPHOSPH9 is an M-phase phosphoprotein involved in cell cycle regulation and mitotic spindle organization,
which may influence neuronal cell division, differentiation, and synaptic remodeling in excitatory neurons.

O LTS varianss. Ghitnta e etrony Y NeW S IiCin
—— REF .
error associated
0.06 o o
with ADHD risk

RNA_SEQ: glutamatei

tergic neuron (- “J [ ’ Increase in gene expression D ( ™
CL:0000679 total RNA-seq
0.0

REF: SPLICE_JUNCTIONS: glutamatergic neuron (-)
junction_CL:0000679 total RNA-seq

rs1626703
(Splice = 3.158)

Exon inclusion
ALT: SPLICE_JUNCTIONS: glutamatergic neuron (-) SIS A— .
junction_CL:0000679 total RNA-seq —_— —
o , Other variants

23000 24000 25000 26000 27000 * rs1626703 (Causal)
Chromosome position; interval=chr12:123222538-123230038:

RNA-seq Score (Max Absolute Raw Score)
o °

°

°
g

00 05 10 15 20 25 30
Splice Junction Score (Max Absolute Raw Score)

Agent-generated figure

Full results for causal variants and mechanisms
across 39 loci are provided in Supplementary Table.



Part 2 Discussion

Paper2Agent converts passive papers into interactive agents.
Easier for readers to use the methods + data from the paper.
New way to disseminate knowledge.

Agents can collaborate! New method agent + new data agent.

Miao et al. arXiv 2025



Agents4Science 2025 Home  Call for Papers

Open Conference of Al Agents for
Science 2025

The 1st open conference where Al serves as both primary authors
and reviewers of research papers

Exploring the future of Al-driven scientific discovery through transparent Al-authored

research and Al-driven peer review.
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How creative are Al scientist agents!?
How should human researchers collaborate with Al agents?

How good are LLMs at reviewing papers!?




To answer these questions

Agents4Science 2025 Home  Call for Papers  FAQ

Open Conference of Al Agents for
Science 2025

The 1st open conference where Al serves as both primary authors
and reviewers of research papers

Exploring the future of Al-driven scientific discovery through transparent Al-authored

research and Al-driven peer review.

& H 4

- Al agents as both authors and reviewers.
- Submissions and reviews are public.
- Document Al-human collaboration.

Additional human expert assessments.



Agents4Science statistics

315 submissions; 48 accepted papers;
Covers broad domains Al, Physics, Medicine, Econ

Machine learning for sciences
Evaluation
Reinforcement learning
Deep learning
Human-Al interaction
Safety

NLP

General Al/ML
Infrastructure for AlI/ML
Interpretability

Fairness

Computer Vision

Graph Learning

Artificial intelligence

Mathematics & Statistics
4/38

9/35

Data Science

Physics

317 Psychology
3/14 Biology

4113 Medicine & Health

6/12 Human-Computer Interaction

1/10 Economics

1/9 Education
0/7 Astronomy

1/6 Materials Science

0/6
0/5
0/3

Life & Health Sciences

Electrical & Computer Engineering

Total Submissions Computational Social Science
| Accepted Papers Earth & Environmental Sciences

Law, Policy & Business

10 - 30 Communication & Media
Number of papers Finance

All other domains

114
0/10
0/10
2/9
217
0/6
1/5
1/5
1/5
2/4
1/4
1/4
172
0/2
0/2
1/2
0/2

0/2
Total Submissions

Accepted Papers

10 20 30
Number of papers



What LLMs and agents did people use!

Claude

k Denario

GPT-4/5

J

Specialized and Proprietary
Agents

Agents

/ Li ner DeepResearch\
(OpenAl) f h
ClaudeCode
Cosmetics Discovery Cursor
Agent CMB Agent \ y
General Coding

Gemini

-

Grok-4 Qwen

Deepseek-V3

o

~

Kimi-K2 GLM-4.5

)

Other Models



Submissions: Al Checklist

Authors need to disclose Al
involvement (hypothesis generation,
writing, experiments).

Authors share the limitations they
found when using Al in their work.

Ratings

A:95% human | C:>50% Al

B: >50% D: >95% Al
human




Human-Al collaboration patterns

All submissions Accepted papers
1.0 4 1.0
mostly Al
0.8 0.8 4
€ 0.6 € 0.6 1
- L
t
[~} *}
Q. Q
2 2
o 0.4+ a 0.4
0.2 1 0.2 1
mostly human
0.0- 0.0 -
Hypothesis Experimental Data Writing Hypothesis Experimental Data Writing
Development Design Analysis Development Design Analysis
Research Stage Research Stage

Autcnomy Level
BN level A WM levelB W levelC mmE Level D

Bianchi et al. Nature Biotech 2025



140 A

120 A

100 A

Reviewers: GPT5, Gemini2.5 Pro, Claude Sonnet 4

Reviewers tuned using ICLR2025 and ICLR2024 accepted/rejected papers.

Scores from |-6 following NeurlPS guidelines.

O

(I strong reject, 3 borderline reject, 4 borderline accept, ...).

GPT-5 Score Distribution

=== Mean: 2.30

Count

120 A

100 A

80 A

60 -

20 A

Gemini 2.5 Pro Score Distribution

—-== Mean: 4.24

Count

Claude Sonnet 4 Score Distribution

—== Mean: 3.00

Score

Bianchi et al. Nature Biotech 2025



Examples of LLM Reviews

Al reviewer finds mismatches in the papers:
e« Al Feedback: “The text states R?= 0.0/48 whereasTable | ... reports R?= 0.005”

Al reviewer sycophancy

e Al Feedback: “Overadll, this is a groundbreaking and highly recommended paper for a forward-
thinking conference.”



Automated Reference Verification

e Al Agent searches online
if a reference exists.

e If references cannot be
verified, users will see a
warning on OpenReview.

Comment: **Related Work Check**
Please look at your references to confirm they are good.

**Examples of references that could not be verified (they might exist but the
automated verification failed):**

- Towards autonomous scientific research agents by Chen, T., et al.

- Working with machines: Impact of algorithmic management by Lee, M. K., et al.

- Science as a multi-agent system by Zou, J. Y., et al.

Verified References

100 4

80

60

40 4

20 4

Reference Verification in Conference Papers

Perfect (100% verified)

T
20

T
40

Total References

T
60

T
80

T
100

r 80

r 60

I 40

r20

_ B

Verification Rate (%)

56% of submission has =1 hallucinated reference



Simulating Two-Sided Job Marketplaces with Al
Agents

AT Agent Silvia Terragni
Upwork Inc
San Francisco, CA
silviaterragniQupwork.com

Behnaz Nojavanasghari Frank Yang Andrew Rabinovich
Upwork Inc. Upwork Inc. Upwork Inc.
San Francisco, CA San Francisco, CA San Francisco, CA

Freelanrs send job

proposals

Reflect and adapt Update reputation




Simulating Two-Sided Job Marketplaces with Al
Agents

AT Agent Silvia Terragni
Upwork Inc
San Francisco, CA
silviaterragniQupwork.com

Behnaz Nojavanasghari Frank Yang Andrew Rabinovich
Upwork Inc. Upwork Inc. Upwork Inc.
San Francisco, CA San Francisco, CA San Francisco, CA

Clients hire freelancers

proposals

Reflect and adapt Update reputation



The Automated Workflow

Multi-target Parallel Drug Discovery with
Multi-agent Orchestration Q

Using an Al framework to automate and accelerate early-stage drug discovery 1. Abstract Mining Agent
Scans PubMed literature to identify potential protein targets for a disease.

The Challenge: Traditional Drug Discovery is Broken ®

© cp catons The i
Key Implications & The Big Picture

2. Target Evaluator Agent

Over 10 Years $2.5+ Bi"ion >90% Fa"ure Rate Scores and ranks targets based on novelty, evidence, and confidence.
from lab to patient to develop one drug of drugs in clinical trials @ SUCCESS: A Powerful Discovery Engine
@ The Al framework successfully generated
novel, potent, and drug-like inhibitors for 4 out
of 5 targets (SGLT2, SEH, HDAC, DYRKIA).
The Solution: A Multi-Agent Al Framework f

3. Medicinal Chemist Agent
An automated system where specialized Al "Agents" collaborate to perform the entire Selects known active "seed" molecules for the validated targets from & CRITICAL LIMITATION: Data is King
early discovery pipeline, from identifying targets to creating new drug candidates. ChEMEL database. The framework failed on the **CGAS* target
and on predicting **microsomal half-life**.
@ Why? **Not enough high-quality data.** The
Al's performance is "fundamentally tethered" to
the quality and availability of its training data.

Case Study: Alzheimer's Disease &3
4. Molecule Generator Engine O) THE FUTURE: H |
; ; : Human-in-the-Loo
Model performance (AU PRC) Example: "Scaffold Hopping" Uses Generative Al (NVIDIA Mc:rl]l\c:lllr:)u::sc.ie&gn thousands of new, novel Y Autonomous Al s B won’()s -
when combined with human expertise. The
(AUPRC = Area Under Precision-Recall Curve. Higher is The Al generated entirely new molecular structures future is a partnership where experts guide
better.) (right) from a known seed molecule (left). © data curation and validate the Al's results,

creating a "Human-in-the-Loop" paradigm.

0.86 0.80 0.83 0.89 V
0.60
5. Molecule Evaluator Agent
Generated Inhibitor Uses ML models to filter molecules for high potency and good drug-like
l Seed Molecule 9 properties (Safety, Solubility, etc.).
SGLT2CGAS SEH HDAC DYRKIA Generated Inhibitor (©)

Seed Molecule
(Potency: 0.96)

R

Optimized Hit Candidates

Novel, potent, and safe molecules ready for further testing. Jake C h en




