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Sakana Al: Towards open-ended scientific discovery
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Al co-scientists represent a real advance in
agentic systems

* Enabling scientific discoveries at scale
* New ways to connect and correlate across knowledge and disciplines
* Modern workflows of developing connections across fields at scale

* New tools that go beyond traditional scientific discovery
* Altering how scientific workflows are evolving
* Towards greater autonomy and reproducibility

* Real concerns as well:

* Ethical and moral concerns towards unreliable research outcomes

* Vanishing boundary between “actual” novel knowledge vs. recapitulating
similar principles



Frame for this class...

(. What if, soon, we have access to:

* an able “scientific” assistant that can help
with day-to-day tasks?

* a“thinker” that can comment and critique
\_ ideas?
"« What if, soon, we have access to:

* massive “industrial scale facilities”, where
experiments are designed through
conceptual inputs?

* Assembly across facilities can collectively
\_ solve measurement challenges?

* How would we think of scientific
hypotheses?

* What scientific questions would you
think of?




Learning objectives

* Core Goals:
* Understand what Al co-scientists are,
* how they work, and
* see concrete examples across three major domains

* Extended / Stretch Goals:
* Analyze the architectural components,
* evaluate different reasoning approaches, and
* assess technical limitations



Accelerating discovery using Al co-scientists

Study Hypothesize

Extraction, integration and
reasoning with knowledge at scal

Generative models automatically
propose new hypotheses that
expand the discovery space

Question Test

Tools help identify new
questions based on needs
and gaps in knowledge

Robotic labs automate
experimentation and bridge
digital models and physical

testing
Report Assess
Machine representation of knowledge\/ !Dattern and "."”Waly dgtectlon 'S
leads to new hypotheses and mtegrgted Wlt.h simulation and
questions gxperlmentatlon to extract new
insights

https://doi.org/10.1038/s41524-022-00765-z
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Is Science Getting Harder?




Is Science getting harder?

1. What the data tell us — four converging signals

. Typical period
Signal What we measure Observed trend Sovered
R&D output per researcher Growth in patent counts, transistor Steep fall—e.g. keeping Moore’s-Law
(economists’ “idea density, agricultural yields, etc. per ~ doubling now needs >18x as many chip 1970 — 2020
productivity’) R-year engineers as in 1971

Citation-network “CD-index” (does a

Disruptiveness of new work paper/patent push a field into new Median disruptiveness of both papers and 1945 — 2020

patents has fallen by 90 % since 1945

territory?)
Return on pharma R&D Cost to launch one FDA-approved Real cost now > $3.5 B—roughly 15% the
1980 — 2024
spend NME early-1980s level

: TFP growth in advanced economies
Macro-level Total Factor Output growth not explained by labour; drop pg; d from ~1.8 %/yr (1995-2005) to 1995 — 2023

Productivity (TFP) or capital ~0.8 %/yr (post-2005)



Why is science “getting harder”?

1.Low-hanging fruit is gone. Foundational phenomena (e.g., electromagnetic waves, the genetic code)
were discoverable with modest tools; today’s frontiers (quantum error correction, dark-energy surveys)
require billion-dollar instruments and deeper mathematics.

2. Complexity & combinatorics. Biologists must interrogate millions of regulatory elements; materials
scientists search 10'*-scale composition spaces. Search budgets grow faster than “eureka” moments.

3.Team-size-coordination drag. Average author count rose from ~1.8 (1950s) to ~6.2 (2020s). Large
teams excel at development, but small teams create the most disruptive ideas; the global shift toward
large consortia statistically tilts the portfolio toward incremental work.

4.Incentive mis-alighment. Career advancement is tied to publication counts, risk-averse grant panels,
and short-term metrics. Scientists optimise for fundability and publishability, not expected long-run
impact.

5. Administrative & regulatory overhead. Surveys put Pl time spent on compliance/reporting at 30-40 %
inthe US and EU.

6. Information overload. With >4 million articles/year, no human can read the frontier literature without
algorithmic help; promising cross-field connections are easily missed.

7.Aging scientific workforce. First-R01 age at NIH climbed from ~36 (1980) to ~44 (2023), delaying
high-risk exploration by early-career scientists.

8. Measurement lags and intangibles. The “productivity J-curve” argues digital & Al investments show up
only after complementary workflow changes; some apparent slowdown is accounting illusion.



Are ideas getting harder to find because of
the burden of knowledge?

More researchers per innovation, because you need more knowledge to solve frontier problems

by Matt Clancy

last released

®, 2 years ago

Innovation appears to be getting harder. A basket of indicators suggests that

scientific discoveries of a given impact were more common in the past, and

that getting one “unit” of technological innovation seems to take more and

more R&D resources.



Scientific Novelty Over Time
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Cognitive extent

If counting topics is a good way to measure the successful
growth rate of a field, then this indicates fields are having a
harder time growing today than in the past.
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Fraction of citations to academic papers in patents
to last 5_yea rS https://mattsclancy.substack.com/p/science-is-getting-harder
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Why are ideas getting harder to find?

So, to sum up, a host of papers documents that the productivity of research is
falling: it takes more inputs to get the same output. Jones (2009) provides an
explanation for why that might happen. New problems require new
knowledge to solve, but using new knowledge requires understanding (at
least some) of the earlier, more basic knowledge. Over time, the total amount
of knowledge needed to solve problems keeps rising. Since knowledge can
only be used when it’s inside someone’s head, we end up needing more

researchers. That costs money.



Bole of Al and Automation

Lever

Al & automation of
discovery

Funding redesign

Reduce bureaucracy

Meta-research &
replication incentives

Talent acceleration

Interdisciplinary &
computational
infrastructure

Practical actions

» LLM assistants for literature triage, code generation,
grant writing * Autonomous labs: closed-loop experiment
design (chemistry, biology) * Multi-agent “proposal—
critique-refine” workflows (exactly the kind you are

building)

* Expand DARPA -style, milestone-based programs *

Reserve >20 % of agency budgets for small,

high-variance teams * Broader adoption of “focused

research organizations” and “innovation prizes”
* Default open-data & code deposit (automatic

compliance) * Shared IRB & animal-care frameworks *

Template-driven grant renewals
* Dedicated funding lines for replication studies ¢

Journals that publish methods and negative results °
Mandatory registered-reports for high-stakes claims

* Graduate-fellowships that skip coursework for proven

coders/engineers * Tenure-clock flexibility and
early-career independence grants

* Co-located AI/HPC “science factories” (e.g.,

Why it helps
Cuts cognitive search costs, lets humans focus on
framing questions. LLMs have already
out-predicted experts in experimental
neuroscience and
khemistry. [oai_citation:7}Autonomous
chemical research with large language models

Re-balances portfolio toward disruptive,
non-consensus bets and reduces review overhead.

Gives researchers back 0.2—-0.3 FTE per person-
year.

Improves signal-to-noise, making true
breakthroughs easier to identify.

Moves peak-creativity years back toward the late
20s—early 30s.

Lowers access barriers to specialized instruments

AuroraGPT & Waterfall Glen) * National-scale data lakes and big-compute, spreading fixed costs and

with uniform APIs e Fast-track visas for STEM talent

fostering serendipity.



Early macro data hint at a regime shift: the
Cleveland Fed estimates a 40 % probability that US
productivity growth has already moved to a higher
trend post-2023, coincident with generative-Al
diffusion. Whether this sticks depends on how
quickly the scientific enterprise absorbs Al, reforms
Incentives, and scales automated experiments.



Al Improvements Accelerating?
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The Graduate-Level Google-Proof Q&A test (GPQA) is a series
of multiple-choice problems that internet access doesn't help
PhDs with access to the internet get 34% right on this test
outside their specialty, 81% inside their specialty. It illustrates
how reasoning models have sped up the capability gain of Al.
Data source.



Base scaleup of effective compute
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Scenario: Intelligence Explosion
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d rive rs Of ',/ Algorithmic Progress:
progress K) Unhobbling

Al methods ?? OOMs

Three Research Agendas /,/l ,,"
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Zettacale and beyond - ., Raw to Chatbot : _~=~ ’,” Algorithmic Progress:
compute architecture § i~ ,,/’ Efficiencies
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1-3 OOMs

2. Machine Learning
Efficiencies -- improving
parameter and sample
efficiency

3. Al methods, ensembles,
RL, T2 Reasoning,
Consciousness etc.

Physical Compute
Scaling up compute Scaling

2-3 OOMs
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To enable fast training of Trillion parameter models

Year OOMs H100s- Cost Power Power reference class
equivalent
2022 ~GPT-4 ~10k ~$500M ~10 MW ~10,000 average homes
cluster

~2024 +1 OOM ~100k $billions ~100MW ~100,000 homes

~2026 +2 OOMs ~1M $10s of bil- ~1 GW The Hoover Dam, or a
lions large nuclear reactor

[ ~2028 +3 OOMs ~10M $100s of ~10 GW A small/medium US

billions state

~2030 +4 OOMs ~100M $1T+ ~100GW >20% of US electricity

production

https://situational-awareness.ai
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Rank Arena

Rank* (UB) A (StyleCtrl) A  Model A Score A 95% CI A Votes A Organization 4 License

1 1 1443 +8/-13 2540 Google Proprietary
2 4 Grok-3-Preview-02-24 1404 +5/-6 10398 XAI Proprietary
2 2 GPT-4.5-Preview 1398 +7/-6 10615 OpenAI Proprietary
4 7 1381 +4/-3 22659 Google Proprietary
4 4 1380 +5/-5 20293 Google Proprietary
4 3 1374 +5/-4 22517 OpenAl Proprietary
7 5 1360 +5/-5 12772 DeepSeek MIT

7 12 1355 +4/-4 18327 Google Proprietary
7 4 1351 +4/-4 25044 OpenAI Proprietary
10 12 1340 +5/-3 17124 Alibaba Proprietary
10 12 1340 +7/-6 6974 Google Gemma

10 9 1335 +4/-4 33184 OpenAI Proprietary
12 12 1326 +6/-5 14274 OpenAI Proprietary
13 15 1318 +5/-4 22845 DeepSeek DeepSeek

13 19 1315 +9/-8 4050 Alibaba Apache 2.0
14 16 1311 +9/-8 3415 Cohere CC-BY-NC-4.0
14 20 1310 +6/-8 6034 Zhipu Proprietary
14 18 1310 +7/-7 6059 Alibaba Proprietary
15 16 1310 +4/-4 18090 Google Proprietary
15 23 1304 +9/-8 5131 StepFun Proprietary

15 4 Claude 3.7 Sonnet. (thinking-32k) 1304 +8/-7 4917 Anthropic Proprietary
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Al as a co-scientist in the scientific

process




Accelerating discovery using Al co-scientists

Study Hypothesize

Extraction, integration and
reasoning with knowledge at scal

Generative models automatically
propose new hypotheses that
expand the discovery space

Question Test

Tools help identify new
questions based on needs
and gaps in knowledge

Robotic labs automate
experimentation and bridge
digital models and physical

testing
Report Assess
Machine representation of knowledge\/ !Dattern and "."”Waly dgtectlon 'S
leads to new hypotheses and mtegrgted Wlt.h simulation and
questions gxperlmentatlon to extract new
insights

https://doi.org/10.1038/s41524-022-00765-z
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Al co-scientists are autonomous or semi-autonomous Al
systems - typically powered by Large Language Models -
that can conduct complete research workflows:
hypothesis generation, experiment design and execution,

data analysis, and even paper writing



Traditional models vs. Co-scientists

Traditional Al Tools Al Co-Scientists
Task-specific, narrow End-to-end workflows
Human-directed, passive ,:)L(J;gzgynous planning &

Static knowledge Dynamic learning & adaptation
Single-shot predictions Iterative reasoning loops

No tool use Orchestrates multiple tools




% e Yoo Generative Architect

Al as an
Autonomous Scientific Partner Level 4
% Al as an Level 3 Future Prospect
Automated Research Assistant A network of Al agents invents new

scientific methods, discovering
unifying principles across different

Full Agentic Discovery

Alasa
o LEVE| 2 7 fields on a global scale.
omputational Oracie Al agents independently manage
Computat | Oracl
z S the entire research process from
Partial Agentic Discovery hypothess to tiscovery.
Y
I.evel 1 Al agents automate parts of the research
workflow under human supervision.
Expert Tools

g Agentic Science

Figure 1: The Evolution of Al for Science. From computational tools to creative collaborators: the four-stage
journey of Al in science. Agentic Science is a stage within Al for Science, aligning primarily with Level 3 (Full
Agentic Discovery) and building on Level 2 (Partial Agentic Discovery).



The Autonomy Spectrum

Independent Researcher:
Autonomous Research with
Most systems periodic oversight
operate at this < >
level of

autonomy




Sakana Al (Mar 2025):

Key developments e

accepted papers. Paper2Agent (Jum 2025)

Paper2Agent is a multi-
GNoOME (Google DeepMind, Nov 2023): Insilico Medicine: First Al- agent Al system that
Predicted 2.2 million crystal structures, discovered drug (INS018_055 for Agent Laboratory (Jén automatically transforms
identified 380,000 stable materials - pulmonary fibrosis) entered Phase 2025): Automated th¢ entire research papers into
including 52,000 graphene-like layered 2 trials. Development time: 18 ML research paper pipeline interactive Al agents with
compounds (52x previous known months vs. 4.5 years with 95.7% success fate minimal human input.
materials). 736 materials independently traditionally, cost: $2.6M vs. and 84% cost reduciion.
validated by external labs worldwide. $430M.

The Virtual Lab of Al agents

Coscientist (Carnegie Mellon, Nature Dec AlphaProof & AlphaGeometry 2 (July Google Co-scientist (Feb 2025): .

. ) N designs new SARS-CoV-2
2023): First system to autonomously execute 2024-2025): Progressed to gold medal Three important scientific problem nanobodies (Jul 2025)
complete chemical synthesis from natural performance at IMO 2024-2025, solving domains on which Al “co-scientists”
language to physical product. GPT-4-based problems that only 11% of human could directly contribute to the
system controlled robotic liquid handlers, contestants could solve discovery process.

achieving 95%+ success rate on palladium-
catalyzed reactions.



Real-world implementation of Al co-

scientists




Google Co-scientist approach

Web-based
interactions

The scientist
specifies research
goals in natural
language using
website chat
interface. They can
suggest their own
ideas, proposals,
or other “prompts”
as discussed via
the chat interface.

—

Scientist inputs

Al Co-scientist Multi-agent System

Research Planning

- Define research goal:

“Suggest novel means of
targeting WHSC1 using
biologics”

- Preferences / Constraints:

“Focus on high-binding-affinity
predictions”

- Provide feedback on
candidate interactions

Ranking Agent
Tournaments k

Add/Review idea

Discussidea

Research Proposals +
Overview

* Compares hypothesis sets
from docking, co-
evolution, and literature-
based predictions

* Highlights top candidate
PPls

e Summarizes limitations
and open questions

Generation Agent
* Literature exploration
(PubMed, PPI DBs)

>Simulated scientific
- debate

>

Reflection Agent
* Full review with web search
* Simulation review (docking,
co-evolution)
Tournament review
* Deep verification (scorin
tructural plausibility

* Research Proposals &
Overview:

* Presents leading
hypotheses in a network
map

* Suggests validation k
experiments

* Scientist reviews and

refines scope

Evolution Agent
* Inspiration related viruses
» Simplification of
verlapping PPls
* Research extension for
novel experiments

Top-ranked research hypotheses and

proposals are summarized into a
research overview and shared with the

scientist.

Meta-review Agent
* Checks pathway summary
of top candidate PPls
* Produces research
overview for the scientist

|

Proximity Agent
* Checks pathway
involvement and

subcellular localization
* Confirms plausibility within

human biology

Agentic RAG

Tooluse + HPC
interfaces

~
Foundation models

’_/

Tool Use \J
e Searching specialize

DBs, PDB, sequence

> alignment tools

. Storing interaction data,
references, prior
validated sets

Memory/
Computing




Disordered proteins span over 30% of the human
proteome and are important drug targets

* Proteins without a stable tertiary structure: QA& ¥
* High flexibility
* Adaptable binding interfaces

* 65% of these proteins are involved in diseases:

S100-p53 1‘

* Cancer complex [— = omplex
e Neurod ege nerative 15sHSSHLKSKKGQSTSRHKKLMFKTEGPDSD-COO
; S

Cyclin A2-p53
complex

e Cardio-vascular
* Diabetes

* We want to largely target the “undruggable”
genome as part of this project

* This is not restricted to just human genomes;
we are looking at viral, bacterial, fungal
pathogens (for infectious diseases)

Uversky, V., Oldfield, C., Dunker, K., (2008) Annu. Rev. Biophys., 37: 215-246
Liu, J., Faeder, J.R., Camacho, C.J., (2009) Proc. Natl. Acad. Sci. USA, 106 (47): 19189
Dyson, J.H., Wright, P.E., (2015) Nat. Rev. Mol. Cell Biol.,



Using the co-scientist to summarize results...

Research cycle complete!
Generated 50 total hypotheses
Completed 30 tournament matches

Top 3 drug repurposing hypotheses:

1. A biologic therapy using a cell-penetrating antibody-peptide conjugate is proposed to target and inhibit the SET domain
of WHSC1, leveraging unique structural features of WHSC1 for cancer therapy. (Elo rating: 1258.4)

Content snippet: This hypothesis proposes the development of a biologic therapy comprising a cell-penetrating antibody
conjugated to a peptide that specifically binds and inhibits the SET domain of WHSC1l. The antibody...

2. The hypothesis proposes a nanobody-based biologic therapy targeting WHSC1 in cancer, utilizing nuclear localization
signals and cell-penetrating peptides for specificity and efficient delivery. (Elo rating: 1244.4)

Content snippet: This improved hypothesis proposes the development of a novel biologic therapy using engineered
nanobodies fused to a nuclear localization signal (NLS), designed to selectively bind and inhibit the SET...

3. Develop a fusion protein therapy using DARPins and CPP to target WHSC1l's SET domain with high specificity and efficient
cellular/nuclear delivery. (Elo rating: 1231.3)

Content snippet: This hypothesis proposes the development of a biologic therapy using a bifunctional fusion protein.
This fusion protein consists of a designed ankyrin repeat protein (DARPins) targeting the SET domain...

Research overview:

Title: Designing a Novel Biologic Therapy for Targeting WHSC1 in Cancer

Executive summary: This research overview outlines strategies for developing a biologic therapy targeting the SET domain of
the WHSC1 protein, a histone methyltransferase implicated in various cancers. The focus is on designing a therapy that is
specific, effective, and capable of nuclear penetration, leveraging structural biology techniques, cell-based assays, and
in vivo models.



Principal Investigator
Title, Expertise, Goal, Role

Immunologist
Title, Expertise, Goal, Role

Machine Learning Specialist
Title, Expertise, Goal, Role

Computational Biologist
Title, Expertise, Goal, Role

Human researcher

Scientific Critic

Title, Expertise, Goal, Role
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@ Phase 1: Team selection

@ S
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Human Principal Immunologist Machine Computational Scientific
researcher Investigator Learning Biologist Critic
Specialist
b Phase2: Project specification

Team meeting Summary

<97 \' 7

SRopr ey =
269
G

Modify nanobodies Ty1,
H11-D4, Nb21 and VHH-72
to improve binding to KP.3

€ Phase 3: Tools selection

Team meeting

269
G =]

Summary

ESM, AlphaFold-Multimer,
and Rosetta to design
improved nanobodies

d Phase 4: Tools implementation

ESM

QVQLVE... — DVQLVE...
ESMLLR = 3.65

Individual meetings

8 /NS &

Summary
Python script to compute
ESM LLRs for single point
mutations

AlphaFold-Multimer

WL
DVQLVE... ——» "‘% 74
AF ipLDDT = 76.52

Individual meetings

Ree

Summary
Python script to extract
AF ipLDDT

Rosetta

M S L4 -
W e _.*?.f;‘é,/,

RS dG =-37.91

Individual meetings

Summary
Python and XML scripts to
RS dG

€ Phase 5: Workflow design

Individual meeting
NA
{ w D

& BWA 7/

Summary
Tool usage, number of
nanobodies to design and

weighted score formula

The virtual lab: process

The workflow used to apply the Virtual Lab to nanobody design for
the KP.3 variant of SARS-CoV-2.

The workflow begins with the human researcher defining the PI
and Scientific Critic agents by specifying their Title, Expertise,
Goal and Role. Then, in an individual meeting, the Pl agent
creates a team of three scientist agents for the project.

A team meeting discusses the project specification, and the
agents make decisions such as whether to design antibodies or
nanobodies.

In another team meeting, the agents suggest a set of
computational tools for nanobody design, including ESM,
AlphaFold-Multimer and Rosetta.

In a series of individual meetings, the Machine Learning
Specialist and Computational Biologist, with helpful feedback
from the Scientific Critic, write code and subsequently improve
that code for the ESM, AlphaFold-Multimer and Rosetta
components of the nanobody design workflow.

In an individual meeting, the Pl agent decides the workflow for
using the three computational tools to design and select
mutated nanobody candidates.



The virtual lab: results
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Post-mortem of the analyses
from the virtual lab meetings

Immunologist

Scientific Critic

Principal Investigator: | want to emphasize the significance of our objective: to develop effective
antibodies or nanobodies that can target the newest variant of the SARS-CoV-2 spike protein, while
also maintaining activity against other circulating minor variants and past variants.

Immunologist: | recommend modifying existing nanobodies. We have a wealth of data on several
broadly neutralizing nanobodies that have shown efficacy against diverse SARS-CoV-2 variants. This
approach reduces the risk and time associated with de novo design, leveraging existing structural
and binding data for rapid development.

Machine Learning Specialist: | agree with the emphasis on nanobodies... Their smaller size also
means fewer degrees of freedom, which can simplify machine learning model complexity... For
modifying existing nanobodies, we can utilize deep learning models trained on structural and
sequence data to predict changes that enhance binding affinity and cross-reactivity.

Computational Biologist: The machine learing models proposed are excellent, and coupling them

with molecular docking and simulations can create a robust pipeline. For instance, once a machine
learning model suggests modifications, simulations can be used to validate and refine these predictions
by assessing the energetic favorability and structural compatibility with the spike protein.

Scientific Critic: We must remain cautious of over-reliance on computational predictions without
thorough cross-validation. Machine learning models can suffer from bias, particularly if trained on
limited or non-representative datasets.

c
Words written Words written in project specification

Principal Investigator
1.3%
Human researcher

Principal Investigator
0.5%

Human researcher
Computational Biologist

5.8% Scientific Critic

Machine Learning Computational Biologist Immunologist
Specialist Machine Learning Specialist
Words written in ESM € Words written in workflow design

Machine Learning
Specialist 0.9% Principal

Human researcher
Human researcher Investigator

Scientific Critic



The Sakana Al system
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The Sakana Al system can implement a
variety of ML approaches

Embedded PDF

Al-Scientist Generated Preprint

DUALSCALE DIFFUSION:
ANCING FOR LOW-DIMEN®
ELS

Anonymous authors
Paper under double-blind review

ABS1

This paper introduces an adaptive d
dimensional diffusion models, addressin
ture and local detail in generated sample
markable success in high-dimensional sp
data remains crucial for understanding f
ing real-world applications with inhere
these spaces, traditional models often

macro-level patterns and fine-grained fe:
ity. We propose a novel architecture inc«
branch processing the original input anc
sion, with a learnable, timestep-conditi

balancing their contributions. We evalua
circle dina line and moone Onr reanl

Al-Scientist Generated Preprint

STYLEFUSION: ADAPTIVE MULTI-STYLE GENERATION
IN CHARACTER-LEVEL LANGUAGE MODELS

Anonymous authors
Paper under double-blind review

Embedded PDF

ABSTRACT

This paper introduces the Multi-Style Adapter, a novel approach to enhance style
awareness and consistency in character-level language models. As language models
advance, the ability to generate text in diverse and consistent styles becomes crucial
for applications ranging from creative writing assistance to personalized content
generation. However, maintaining style consistency while preserving language
generation capabilities presents a significant challenge. Our Multi-Style Adapter
addresses this by introducing learnable style embeddings and a style classification
head, working in tandem with a StyleAdapter module to modulate the hidden states
of a transformer-based language model. We implement this approach by modifying
the GPT architecture, incorporating style adaptation after every transformer layer
to create stronger style-specific representations. Through extensive experiments
on multiple datasets, including Shakespeare’s works (shakespeare_char), enwik8,
and text8, we demonstrate that our approach achieves high style consistency while



Blooper alert...

Run 2 timed out after 7200 seconds
To address the timeout issue, we need to modify experiment.py to:

Next, let's implement the next experiment and run the (
. 1 Increase the timeout limit or add a mechanism to handle timeouts.
experiment.py
** “python
Accept Current Cha pt Incoming Change Both Change YMP: . .
T e Here is the SEARCH/REPLACE block:
with open(os.path.join(out_dir, "final_info.json"),
json.dump(final_infos, f) .
experiment.py
with open(os.path.join(out_dir, "all_results.npy"),
np.save(f, all_results)

with open(os.path.join(out_dir, "final_info.json"),| <<<<<<< SEARCH

json.dump(final_infos, f) if time.time() - og_t@ > 7200: # 7200 seconds = 2 hours

with open(os.path.join(out_dir, "all_results.npy"), print("Timeout reached. Stopping training.")
np.save(f, all_results)

# Run the next experiment | =EEEEEE

os.system("python experiment.py —-out_dir=run_5")

; # Increase the timeout to 4 hours
>>>>>>> REPLACE (Incoming Change)

if time.time() - og_t@ > 14400: # 14400 seconds = 4 hours
print("Timeout reached. Stopping training.")



Key components of a multi-agent system for
scientific discovery

*Tool use

*Reasoning loops

*Memory systems

* Hypothesis generation and validation



Tool use

* Knowledge Tools: arXiv, Semantic Scholar, PubMed, Wikipedia

« Computational Tools: Python, RDKit (chemistry), molecular
simulation software, bioinformatics tools,

* Hardware Tools: Robotic liquid handlers, X-ray diffractometers,
spectrometers

* Documentation: API retrieval, protocol libraries



Agentic RAG: Using co-scientist to infer protein
orotein interactions

d L distllm /& P ma 1 Today
cli.py distributed_embedding.py distributed_generation.py distributed_tokenization.py embed generate B3 Notes

Tom RAG Questions (Cancer)

Lm distllm / & P main !1 chat.py —config ../examples/chat/vllm_cancer_chat_config.yaml @ Recently Deleted Tom RAG Questions (Cancer)

“low_cpu_mem_usage" was None, now default to True since model is quantized. — 1:51PM What is the role of the gene \ What is the role of the gene WRN in cancer signaling pathways?
Loading FAISS index from /rbstor/ac.ogokdemir/tom_rag/faiss_indices/cancer

You: [J Does the context that you are provided with discuss any residues
involved in physical interactions that TET2 participates in, in order to
perform its biological function?

What are the key TET2 mutations that prevent it from functioning
properly. Provide specific information at the atomic level precision.
Highlight any studies in your context that might be mentioning residues,
or motifs involved in those mutations.




Model Context protocoll*!

A “USB port” for Large Language Models

* An open protocol introduced by Anthropic to standardize the
way backend servers and LLMs talk to each other.
* Prompts
* Reusable prompt templates for clients

* Resources
* Provide documentation, files access, etc.

* Tools
* Enable LLMs to call functions on remote servers.

[4] “Model Context Protocol,” Model Context Protocol. [Online]. Available: https://modelcontextprotocol.io/.


https://modelcontextprotocol.io/

Tool Calling with MCP

1. LLM queries MCP server for
available tools.

2. MCP server responds with a list
of available tools.

 Listof tools get putinto the LLM’s
context.

3. LLM invokes a desired tool from
the list.

4. Server responds with the tool’s
result.

Example: (read-only) filesystem MCP
Server

1. LLM queries filesystem MCP server.

2. MCP server responds with 3 tools.
—listdir, stat, read

3. LLM chooses to invoke ’listdir()’ tool.

4. Server responds with the result.



Tool Calling with MCP

Development s
P Scalability
Costs ALLM can only fit a fixed

Need to develop every single tool! number of tools in context!



Enabling LLM agents with tool calling:
RAG+MCP server

* Introduce a framework to dynamically provide tools to LLMs
via the MCP protocol.

* Incorporate thousands of biomedical tools provided by the
Galaxy Toolshed project [°l,

e Utilize server-side Retrieval Augmented Generation (RAG)
to scale to arbitrary number of tools without exhausting
context window limitations.

* 100% MCP protocol compliant, works with Claude Desktop
and other MCP clients.

[5] D. Blankenberg et al., “Dissemination of scientific software with Galaxy ToolShed,” Genome Biol, vol. 15, no. 2, Feb. 2014, doi; 10.1186/gb4161.


https://doi.org/10.1186/gb4161

Enabling LLM agents with tool calling:
RAG+MCP server

 Utilizing Parsl ]l ProxyStore 7], and Academy (8]
frameworks, our MCP server scales from a single workstation
to large clusters.

« Enabling multi-agent tool execution  [8)%:3%, 5 (8]

Example execution
with Claude ™

[6]Y. Babuiji et al., “Parsl: Pervasive Parallel Programming in Python,” in Proceedings of the 28th International Symposium on High-Performance Parallel and Distributed
Computing, Phoenix AZ USA: ACM, June 2019, pp. 25-36. doi:_10.1145/3307681.3325400.

[7]1). G. Pauloski et al., “Accelerating Communications in Federated Applications with Transparent Object Proxies,” in Proceedings of the International Conference for
High Performance Computing, Networking, Storage and Analysis, Denver CO USA: ACM, Nov. 2023, pp. 1-15. doi; 10.1145/3581784.3607047.

[8]J. G. Pauloski, Y. Babuiji, R. Chard, M. Sakarvadia, K. Chard, and |. Foster, “Empowering Scientific Workflows with Federated Agents”.



https://doi.org/10.1145/3307681.3325400
https://doi.org/10.1145/3581784.3607047

Integrating Galaxy Toolshed with MCP

* The Galaxy Toolshed!®l contains >10k biomedical tool
wrappers in a unified schema.

* Contains dependency list, script files, shell command, parameters,

etc.
= Galaxy Tool Shed Repositories Groups Help ¥ User ~

10599 valid tools on Jul 22, 2025 Repositories by Category

Search search repository name, description Q

Search for valid tools

Valid Galaxy Utilities Name Description

Tools Tools fi ki ith bli
ools for working with assemblies

Custom datatypes Assembly 9

Repository dependency definitions Astronomy Tools for astronomy

Tool dependency definitions

All Repositories ChIP-seq Tools for analyzing and manipulating ChIP-seq data.

Browse by category

Available Actions Climate Analysis Tools for analyzing climate data

[5] D. Blankenberg et al., “Dissemination of scientific software with Galaxy ToolShed,” Genome Biol, vol. 15, no. 2, Feb. 2014, doi; 10.1186/gb4161.


https://doi.org/10.1186/gb4161

Integrating Galaxy Toolshed with MCP

* However, many tool documentations are missing.
* Missing READMEs, descriptions, etc.

* Source READMEs from tool source code, fill in missing fields with
LLM-generated responses from source READMEs.

* Missing (or outdated) dependencies.
« >3.5k truly valid tools (as of July 229)

* Taking Galaxy Toolshed title, description, and
documentation, create embeddings.



Incorporating RAG with MCP

* The MCP protocol contains
several “notification” options to
inform a client on resource
changes.

* Most importantly, tool changes!

 Use the same mechanism for

“resources” (data input/output
files)

Client Server
Initialization
Call tools/list
b Return find_tools()
Eﬁ] [Agent Loop]
Perform Tool Discover vy (RAG)

Call find_tools(query)

Notify tools/list_changed

List of tool
e N
Call Tool
Call Tool echo("hello")

Tool Progress (0%)
S
Tool Progress (100%)

B N
Return result for Tool echo('hello")

Clien

t S

eeeee



Scaling the execution for multi-tools + multi-
agent systems

 Utilizing Academy (8], treat each tool as an “service agent”.
* Local state: Conda environment w/ tool dependencies.
* Actions: Execute tool
* Environment: ProxyStorel”linstance containing input / output files.

» Agents are launched via Parsl!®!, communicating with each
other and the client (MCP server) via a Redis message
exchange.

[6]Y. Babuiji et al., “Parsl: Pervasive Parallel Programming in Python,” in Proceedings of the 28th International Symposium on High-Performance Parallel and Distributed
Computing, Phoenix AZ USA: ACM, June 2019, pp. 25-36. doi:_10.1145/3307681.3325400.

[7]1). G. Pauloski et al., “Accelerating Communications in Federated Applications with Transparent Object Proxies,” in Proceedings of the International Conference for
High Performance Computing, Networking, Storage and Analysis, Denver CO USA: ACM, Nov. 2023, pp. 1-15. doi; 10.1145/3581784.3607047.

[8]J. G. Pauloski, Y. Babuiji, R. Chard, M. Sakarvadia, K. Chard, and |. Foster, “Empowering Scientific Workflows with Federated Agents”.



https://doi.org/10.1145/3307681.3325400
https://doi.org/10.1145/3581784.3607047

Architecture

[@ Tool Query ]
—— <
Y G (B
*

1 ﬁ
[ Result ] MGt Server Docu;::tation
— Embedding

. Database

Launch Academy
Agent

—
\\\ ProxyStore [ @Write Results ]




Autonomous Discovery @Argonne

®= The vision

— A system that starts with a high-level :
description of/& hypothesis and autonomously Rory Butler,
carries out computationaland-experimental University of
workflows to confirm or reJ!ct that hypothesis Chicago
Use ofiAl in robotics and Simulations to close
the loop on planning, executlon and analysis

" “of experiments | -

= Builds'on

— Al approachesto plannlngﬁnultlple steps),
and integration of res‘tﬂts causality, etc.

— Machine learning/simulation to design and
predict properties and outcomes

— Automation of experimental protocols
(robotic steps andworkflows)

— Active Learning or RL for selection of next
experimental targets, etc.



https://github.com/anl-sdl/
https://github.com/anl-sdl/
https://github.com/anl-sdl/
https://www.cs.uchicago.edu/~rorymb/

What can it do?

What is it?

<o

i

2

5
T

|

Open: Open-source, python-based (In
Beta)

Modular & Hackable: Use components a
la carte, or sub your favorites

Powerful & Simple: Granular control +
experiment definitionin <100 lines of
python/YAML

Scalable: From a single device to
multiple laboratories

Domain Agnostic: Examplesin
biology, chemistry, quantum

Vendor Agnostic: BYOD - Integrate
devices from any vendor

)

e
.’

Coordinate
B autonomous workflows Iiii‘l

across devices

Integrate lab autonomy
with arbitrary
computational workflows

How does it work?

MADSci: Modular Autonomous Discovery for Science

2

3

Noah Paulson (ANL)

Monitor & manage
resources

Sa Monitor experiments &
|__2;| manage laboratories via
dashboard
Ty Collect & publish data
and logs

-

7=

Managers

Lab

Where is it?
N

Application

Y

Manager

Event
Manager

Workeell

Manager

Resource
Manager

Nodes

Liquidhandler
Node

Devices

E : E
[
Liquidhandler

Data
Manager

Robot Arm "
Node E
Platereader [
i q https://github.com/AD-
j SDL/MADSci

Doga Ozgulbas (ANL)

Abraham Stroka (ANL)

Mark Hereld (ANL)

Ryan Lewis (ANL)

Casey Stone (ANL)

Tobuas Ginsburg
(ANL)
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A Laboratory-wide implementation of autonomous
research laboratories (ARL)

Modular, yet
interoperable set of <
robotic laboratories AAE:;:
Focus is on throughput  Bldg. 200
improvement for Al
integration
Domains covered:
* Biology/
Biochemistry
* Materials Chemistr
* Advanced photon
source

AARL-B
i | Biology BSL-2
= | Bldg. 350

AARL-B (west) | '
Biology [’

Bldg. 446 | 8"

.

1| APS Sector 8-ID

62



Embodied Agents for Automated Lab Code Generation

BB Performing Task 1... ######HHHHEHHHREEE

Reasoning: Based on the information provided, it seems like the next logical step
would be to prepare the master mix for the PCR reaction. This involves combining
various reagents in specific volumes to create the master mix solution.

Candidate Code
Agent

Useful Programs:

- 1
def PCR_Master_Mix(labware_info, protocolContext): 2. Query Vector Store
m */
M e ory T k Input: labware_info --> json-str Vector
| as Pass in a variable labware_info that contains labware information and Store Embed

] quantities used Retrieve

I rom Fjl 55,-03. XXXXXXXXXXXXX
208 XXXXXXXXXXXXX

= = E;tput: function call that creates master mix DNA and assigns to appropriate locations
Human:
labware_info = {"number_of_samples":96, Skills XXXXXXXXXXXXX
"right_pipett flex_8channel_1000", XXXXXXXXXXXXX

"left_pipette":"flex_8channel_1000","mastermix_volume":18,"DNA_volume":2}

Goal

Task Decomp. Tracking Code Execution Add Code

Action Error Refine Code Skill

Main Task

VN

Task 1 Task 2

7N /N

Task 3 Task 4 Task § Task 6

Verify Code

B —




Agentic implementation of laboratory workflows

Experiment Overview
xperimen Liquid Ta Materials Summary
. Run a plate transfer experiment. We 1.) None Material: Destination Plate Material: Destination Plate -
mn
A\

move plate from ot2bioalpha to hidex e Pipette: p300_single_gen2, Mount: left Labware:
geraldine. Run a basic assay with corning_95_wellplate_360ul_flat —
\ ! S :
| Press [Enter] to confirm this experiment or to cancel: |
— s

assay name assay_name. Fixed in OT2 at Location: 1
Then, we move plate from hidex

geraldine to biometra3 and run

protocol 1. Return the plate back to

the ot2bioalpha to finish.

5 As a note, hidex lid is already open,
but biometra3 lid is closed

A e Confirm Your Experiment ———————— ———t

Round 1 of Workflow Generation - Coding

PLANNING Agent Output —
ha.deckl to hide: aldine.default’

ACTION AGENT @ = DONE @




Reasoning loops via Reason + Act (ReAct)

Thought: "I need to synthesize aspirin” * Plan-and-Execute: Generate complete

Action: GOOGLE "aspirin synthesis procedure" .
> >
Observation: "Found Kolbe-Schmitt process" plan Execute AdJUSt based on

Thought: "I need precursor salicylic acid" results
Action: DOCUMENTATION "check if salicylic acid available” ¢ Tournament Evolution: Generate

Observat!?n: Available |'n lab mvgntory” multiple candidates = Rank = Evolve
Thought: "Now | can design experiment

Action: EXPERIMENT "mix components according to best > Repeat
protocol” * Tree/Graph Search: Explore multiple

solution paths in parallel

Think of it as the Al's "inner monologue" - it talks through its reasoning before taking
actions. There are different search and planning algorithms adapted for scientific
reasoning.



Memory Systems: 2 Tier approach

* Short-Term Memory (Context Window):
* 8k to 128k+ tokens (current conversation)
* Immediate experimental context
* Active hypotheses and results

* Long-Term Memory (External Databases):
* Vector databases for semantic search
* Traditional databases for structured data
* Cross-session learning and knowledge accumulation

https://skymod.tech/why-memory-matters-in-llm-agents-short-term-vs-long-term-memory-architectures/
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Hypothesis generation + validation

* Literature gap analysis: Find what hasn't been studied

* Simulated debate: Agents argue different positions

* Analogy transfer: Apply solutions from one domain to another
* Constraint-based: Generate ideas meeting specific criteria

* Evolutionary refinement: Mutate and combine existing
hypotheses



Key gaps, current limitations and open
challenges in implementing Al co-scientists

. Literature Review Challenges: 2. Combinatorics Problems: 3. Interpretability:
Highest failure rate across * Both AlphaProof and OpenAl * Deep learning models are
autonomous systems systems struggled with IMO "black boxes"
Difficulty assessing novelty combinatorics * Difficult to explain why Al
and significance * Ad hoc reasoning harder than suggests specific hypotheses
Hallucination risks when structured domains * Regulatory and trust
synthesizing sources * Requires creative leaps beyond challenges
Active Research Area: RAG pattern matching
improvements, specialized
search tools 4. Human Expertise Still Essential:

* Al amplifies human capabilities, doesn't replace scientists
* Domain expertise needed to formulate right questions

* Creative problem framing remains human strength

* Ethical oversight and safety validation critical



What We've Learned

* Al co-scientists are already here - making real discoveries in drug discovery (Phase 2
trials), materials science (2.2M predictions, 736 validated), and mathematics (IMO gold
medals)

* They work through closed-loop autonomy - hypothesis > experiment > analysis 2 learning
> repeat, with specialized agents handling different tasks

* Massive acceleration - 67-78% timeline reduction, 80-90% cost savings, 10-100x faster
discovery

* Four key components enable this - tool use, reasoning loops, memory systems, hypothesis
generation

* Limitations remain - literature review challenges, interpretability issues, clinical validation
pending, human expertise still essential

* The future is collaborative - Al amplifies human creativity rather than replacing scientists



