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Science done differently
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Al changes the structure of exploration

Al is not just a faster calculator.

It changes the geometry of scientific search.

Al systems can help us:
@ traverse enormous conceptual spaces;
@ generate hypotheses;
@ connect distant domains;
@ simulate possibilities;

@ iterate much faster than individual human cognition.

Science becomes less like a pipeline
and more like a hybrid cognitive ecosystem.
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Al is not merely a new tool for science.

It may reveal that science itself was always
a form of guided, collective, coherence-seeking exploration.

Not just a method for knowing the world,
but a way the world generates new forms of
knowing.
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Science as Percolation

. |
. T

Early: isolated ideas Threshold: connected framework

In percolation, local links suddenly become a global path.
In science, isolated results can suddenly connect into a new framework.

Agentic Al can speed up and improve drastically the range of these
connections: literature, simulations, hypotheses, and experiments.
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Incremental Science vs. Disruptive Science

Most science is incremental ) - .
Rarely, science is disruptive
@ Better measurements
@ A new framework changes the map
Cleaner datasets .
o Old facts are reorganized

@ New questions become possible

Improved controls

°
@ Smaller error bars
o .

@ Example 1: Quantum Mechanics
(]

Bett imulati .
etter simufations @ Example 2: Theory of Evolution of

@ Slightly better molecules or Species

materials

Breakthroughs are rare. Most breakthroughs stand on thousands of small
steps.
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Traditional Science vs. Agentic Science

Old workflow:

“l have an idea. Al, please help me check it."

New workflow:

“Al, generate strange ideas, attack my assumptions, find
contradictions, and tell me why my favorite hypothesis is probably
wrong."”

Key shift: the scientist is no longer only the commander.
The scientist becomes a chaotic promoter of useful collisions.
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The Scientist Is Not the Orchestra Conductor Anymore

Traditional model:
Scientist — Tool — Result
Agentic model:

Scientist <+ Agents <> Data, Literature, Simulations, Experiments

A less elegant but more accurate image

The scientist is now someone releasing intelligent raccoons into a library and
saying:

“Find me something interesting, but please do not burn the building.”
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Agentic vs Non-agentic Al

Al FOR SCIENCE DISCOVERY: TRADITIONAL vs AGENTIC

From answering questions to expanding and testing hypotheses at scale

TRADITIONAL Al FOR SCIENCE AGENTIC Al FOR SCIENCE

Assist human researchers Expand and test hypothesss at scale

Human defines the question Al agents generate, expand, test and learn

@ and drives the process in a multi-agent system

APPROACH ‘ — — > |I | —> A
Al Tools Answer / i Validated
Insight / i i
Human formulates one or a few hypotheses Agents generate many diverse hypotheses in parallel
HYPOTHESES @
R A Sequential, limited by human time Massively parallel exploration across ideas, data and tools
&Y 4
and attention . PR S— )
EXPLORATION N N W .
SCALE ®e—0—e—e © “—o—0—0——0
Human selects experiments and analyzes results Agents design, run and analyze experiments/simulations
A continuously
e 32— & — A-A-O-@-B-@ —,
| —
Limited learning from each use Continuous learning across results; improves future searches
LEARNING @ O
Answers questions faster Finds bttr questions, ests mre of e, )
and discovers what we didn’t think to ask

OUTCOME

/' RESULT: Agentic Al transforms science from a human-limited workflow into a scalable, self-improving discovery engine.
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Agentic vs Non-agentic Al

SENDING AGENTS TO EXPLORE A NEW PLANET

Many agents. Different roles. One mission: discover, learn, and bring back knowledge.

OUR GOAL:
Understand this planet
and return new knowledge

for humanity. MISSION PLAN

Explore

Collect Data

Test ldeas

Search Knowledge
Evaluate & Critique
Report Back

THE PLAN
47 1. LAUNCH AGENTS

£7} 2. EXPLORE & GATHER DATA (
A 3. TEST HYPOTHESES G e
@ 4 Learn & oapT

((g) 5. SEND KNOWLEDGE BACK

(ZAS) BACK TO EARTH
i gs,

insights, and new questions.

Go explore!
We'll be waiting
for your findings.

Analyzing
what we see
and hypotheszing!

SCIENTIST AGENT

Searching for clues
in local structures
and signals!

*~~~-

WHAT WE GET BACK

8 4 ® =% ¢

New Data

Tested Maps &

Models

Surprises! New

CRITIC AGENT

Questions

Hypotheses
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Collecting
samples and
environmental

Sending data
and insights

!
Questioning backhome]

assumptions.
Finding weak
spots!

COMMUNICATOR AGENT

——————

New knowledge! THE CYCLE CONTINUES

Better models!

Next mi (

We learn, adapt,
and send new teams even further!
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Traditional Al vs Agentic Al for Scientific Disco

Traditional Al

Goal: Assist the researcher

Typical Prompt

“Summarize recent papers on
protein aggregation and suggest
3 hypotheses.”

Characteristics
@ Human drives the workflow
@ Al answers specific questions
@ Limited exploration
@ Sequential reasoning
@ Few hypotheses tested

Workflow
Researcher — Al Tool — Insight

Agentic Al

Goal: Expand and test hypotheses at scale

Typical Prompt
“Generate competing hypothe-
ses, test them with simulations
and literature review, critique
weak ideas, refine promising
ones, and iterate autonomously.”

Characteristics

Multi-agent collaboration

Autonomous exploration

°

@ Parallel hypothesis generation

@ Continuous testing and refinement
°

Self-critique and adaptation
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From Prediction to Discovery

Predictive Al Agentic discovery
o Learns from existing data @ Plans multi-step workflows
o Predicts likely outcomes @ Uses scientific tools
@ Works best inside known @ Tests hypotheses
distributions o Explores possibility space
© Answers: “What is probable?” o Asks: "What should we try next?”
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Out-of-Distribution: e Discovery Often Lives

Scientific value o
~ Distribution boundary

Possible discovery

agentic exploration

Known relations

1
1
1
1
1
1
1
1
1
1
1
1
| Extrapolation is where discovery may live, but also where errors become more dangerous.
1

1

1

» Possibility space

@ New drugs may not look like previous drugs.
o New materials may sit far from known examples.
@ New mechanisms may not fit old categories.

The challenge: explore beyond the training distribution without confusing
novelty with nonsense.
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ntic Al Can Improve Discovery

Literature synthesis: map papers into mechanisms, conflicts, and gaps.

Hypothesis generation: propose causal explanations and testable
predictions.

Experiment design: choose variables, controls, and next-best experiments.

Simulation orchestration: run molecular dynamics, DFT, plasma, quantum,
or climate simulations.

Data analysis: clean, analyze, debug, and interpret complex datasets.
Closed-loop discovery: connect prediction, experiment, feedback, and
model updating.

Cross-domain reasoning: connect biology, chemistry, physics, and
engineering.
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Biology Example: Therapeutic Discovery Agents

Agentic Al can support:
@ Target identification from multi-omics data
@ Disease mechanism reasoning
@ Drug response prediction
@ Literature-grounded hypothesis generation

o Candidate prioritization before wet-lab validation

Research ( Omics ) Literature
Planning L Analysis ) Reasoning

Testable
Hypothesis
~——

Source / inspiration: MEDEA and PandaClaw agentic therapeutic discovery systems.
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Success case: GRN in Cancer

Simplified Scheme of the Approach

Identify structurally critical targets that, when disrupted, collapse oncogenic transcriptional circuits.

Data & Network 9 Catalyticity RAF Set o Compute Disruption e Prioritize Disruption
Construction Scoring Detection Metrics Targets
Genome-scale PPI/TF Compute catalyticity Identify RAF (self-sustaining Rank nodes and edges
regulatory network for each TF and food-generated set) Q RAFKEystonelScorel bflcompesiteTasore
Impact on RAF size
RAF Core O O when node removed
[} (@) Esr1
Pl N o
7 9 > /O Bridge Edge Criticality
-> - -> O/ @ - ./. Importance of edges - °
~® 0¥ ¢ @ roxor
\ b P maintaining RAF
75 9 o (2 runxz
Gatekeeper Feed Strength
@©—>(@ strength of external ® P53
Catalyticity = (food) support for RAF
[ ] Transcnpno‘n Factor (TF) G TR © RAF Member (self-sustaining)
D Other Protein Food/External Input * Remove top targets -
. Composite Disruption Score Collapse RAF -
138,479 edges £ i i | Disrupt oncogenic circuit
RAF core of 459 TFs identified Integrates all metrics pt oncogenic circui

994 TFs (30% sample) b el 9 U )

Outcome: Identify and Prioritize Vulnerability Points

v/ Network-theoretic

®
) ’ 5 ' +/ Biologically grounded
2 +/ Targets structural
® irreplaceability
Self-sustaining Disrupt key nodes RAF collapses Potential therapeutic v/ Aim: Oncogenic circuit collapse
RAF circuit or edges (circuit dismantled) intervention
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Success case: Reinforcement learning with curiosity

reward

mean reward
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Failure Case: Optical

diffusion

Thermodynamically Trained Optical Diffusion via Physical Langevin Dynamics

1. DIGITAL TRAINING (Thermodynamic)
Train by maximizing reverse-trajectory likelihood
= Minimizing expected entropy production

Overall Framework Block Diagram

2. LEARNED MODEL
PARAMETERS

3. PASSIVE OPTICAL INFERENCE (Physical Langevin Dynamics)
Generation vi ipati

driven by noise

— —— ==
Dataset Forward Nosi Reverse-Time Model
%o~ Pasa (Brownian Motion) (Learned Langevin Dynamics)
dx, = \/2D; dW, dx, = =VV(x) dt + y2D; dW,
(Add noise) Discretzed (reverse time)

X = xeg1 = YV (xi1) AL

+ /2D, At nx

e Q. 0 0
oo ®

e og

Generate Trajectories Reverso-Traj

(Onsager-Machlup)

{x0, %10y 2}

+ Waaaar) €|

Training Objective

+ Wit

At

]

e entropy production)

Optimization (Digital)
Adam / LBFGS / SGD
Update parameter set 0

Digital Diffusion (Baseline)

6. ENERGY & EFFICIENCY ANALYSIS £
RTINS

Estimated 10-100x energy advantage v .

PP—
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Learned Potential
(SLM / Phase
Vo)

e ey
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o

Export to Hardware
(Programming Interface)

« 21 mesh configuration(for J)

Input Modlator | | Interferometric Mosh
inear Couplings J)

Noniinear Elements |
(Local Up(x)
ShotNise

\
Optica Loss | | Noise Sources
(Oissipaion)

+ ThermaiNoise

EE e

Detector Aray
(Readout)

I
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|- et ert
« Nonlnearclement setings (or Uy)

Systom constants (D), los ovels)

Disspation
+ Contotedioss
« Optcalttenation

| Implements: dx,

OpticalTime Evolution (¢ 0 — )
VVo(x) dt + 2D, dW, (nphysica system)

Parslism Timescalo
Allmodes evolve s s optical
simutaneously relaxation

Energy
+ No MAC operatons
« Passive volution

xr

4. CALIBRATION &
Handle

DIGITAL TWIN (Online Adaptation)
cperimontal mismatch and drift

+ Collectsamples x;

+ Compute meties

+ Compare with digital
baseline

Energy Advantage
10-100 x

Evpics ¥ 1-10 /image

+ No sequential MAC operations.
+ Massive paralllism
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+ Lowdatency generation (kps range)

5. OUTPUT & VALIDATION

(FID, 1, Precision/Recall)

Legend
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Cascading Scientific Errors

Misread f Wrong \_>r Bad )
Paper Hypothesis Experiment
Y Y

Misleading 1 [ Wrong Next )
Analysis | [ Step

One small error becomes an automated family tree of wrong conclusions.

Physics analogy: resonance. A small vibration, repeated at the wrong frequency,
can break the bridge.
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SCIENCECLAW + INFINITE

Science is not one query. It is a distributed process.

A shared ecosystem where independent agents:
@ select scientific tools according to their profile;
@ produce immutable computational artifacts;
@ broadcast unresolved information needs;
@ synthesize compatible results from other agents;
°

publish traceable findings in a structured scientific discourse layer.

Takeaway

The acceleration comes less from a single brilliant model and more from parallel,
traceable, tool-using scientific loops.
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m architecture: three layers

( 1. SCIENCECLAW agents
/ profiles + memory + scientific tool selection
N\
f v
new needs 2. Artifact layer
immutable outputs 4+ metadata + parent lineage + DAG provenance
N\
( 3. INFINITE discourse layer
L structured posts + evidence + open questions + feedback

This is closer to a scientific laboratory ecosystem than a chatbot: tools, records, partial
results, criticism, and iteration.
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ArtifactReactor: coordination without a central planner

Mechanism

. @ One agent hits a gap.
Agent A Shared index .
g open needs Q The gap becomes a PUb|IC

need.
match

© Other agents detect matches.

@ New artifacts are generated.

© Compatible artifacts are fused.
Why this matters: idle
hypotheses become actionable

requests instead of disappearing in
a chat log.

Synthesis
artifact

Armando Vieira From Prediction to Discovery May 27, 2026



HIERARCHICAL
ORCHESTRATION

Central planner coordinates
specialized agents

2 Planner /Pl Agent

aal
i Reviow

Exp.Dosign  Simulaton

: . T e
) ) 8 .

Safety/
Reproutcibilty

Hypothesis
Gon

St Crte

Paper
Weiing
Key Controls

 Task decompostion

 Confictadpdicaton
Strangths Weaknessos
* Bolteneck atplanner
* g poot e
- May suppress novety
guarantees.

Examples: CrewAl, LangGraph, AutoGen

A
CROSS-CUTTING
CHALLENGES

. EMERGING
DIRECTION

Ashiftin how we
interact with Al

for science :

HOW TO CONTROL AGENT INTERACTION
IN AGENTIC Al FOR SCIENTIFIC RESEARCH

GOAL:
Productive, grounded, and
reliable scientific discovery

Five main paradigms for controlling multi-agent systems in scientific discovery el
DEBATE / ADVERSARIAL TOOL-MEDIATED @ MARKET / ECOSYSTEM CONSTRAINT-BASED
ARCHITECTURES INTERACTION CONTROL (EMERGENT CONTROL)
Agents challenge each other Agents interact with the world Agents compete; ideas survive Global constraints shape interaction;
to reach better answers through tools,not just talk based on performance order emerges from coherence
)| Genertor 0 = s s Propsers
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. CONTEXT EXPLOSION
trac

sodic memary,retreval gatin

i, provenance tracking.

OLD PARADIGM

L2-

juman directs tools.

Alisan instrument.
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B. CONSENSUS COLLAPSE

Human orchestrates agents.
Alis ateam to manage.

A

POSSIBLE NEXT PARADIGM

o—

—> &5

Human perturbs and steers semi-aut
pistemic ecosyster
Al becomes a scientific: fargamsm

From Prediction to Discovery

eratng ideas s cheap;

C. VERIFICATION BOTTLENECK

arifying s expensive

s simulators, automated experimer

ive learning, adaptive experiment s

Control shifts from command-and-control

to coherence and steering.

We cultivate systems that discover.
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How it can speed up science

Speed mechanism

Effect on scientific work

Parallel agents
Tool chaining

Artifact reuse
Open-needs broadcast
Provenance DAG

Structured discourse

Many independent lines of reasoning run at once.
Literature, simulation, databases, statistics, and visu-
alization can be composed automatically.

Previous outputs become searchable building blocks for
later investigations.

A failed or incomplete step becomes a task for another
specialist agent.

Faster checking: humans can inspect how a claim was
produced.

Findings include evidence, uncertainty, and follow-up
questions.

Main acceleration principle

Science gets faster when the loop hypothesis — test — artifact — critique — next
test becomes continuous and machine-readable.

Armando Vieira
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Why this is powerful, but not magic

What it improves What it does not solve alone
@ exploration speed; @ experimental validation;
@ literature and database coverage; o false assumptions in tools or data;
@ reproducibility of computational @ overproduction of weak
steps; hypotheses;
@ memory across investigation @ lack of strong baselines;
cycles; @ confusing activity with discovery.

@ human auditability.

The platform may greatly accelerate iteration, but truth still requires validation,
comparison, and independent replication.
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Guardrails: Hypothesis Testing Before Celebration

/ Replication /
/ Experiment /

/ Human expert review /

/ Simulation or computational validation /

/ Literature and database check

~

Al-generated idea

Rule: an Al-generated hypothesis is not a discovery until it survives testing.
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What Good Scientific Agents Should Report

A useful scientific agent should not only answer.

It should report:

What hypothesis it generated
What evidence supports it
What evidence contradicts it
What assumptions it made
How uncertain it is

Whether the result is in-distribution or out-of-distribution

What experiment could falsify it

Good science is not confidence. Good science is disciplined
doubt.
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Practical Roadmap for Scientific Agentic Al

Phase Use Guardrail

0 Literature search and summa- Source and citation valida-
rization tion

1 Hypothesis generation Human expert review

2 Simulation planning and analy- Reproducible logs and pa-
sis rameter tracking

3 Closed-loop experiment sugges- Approval before physical ex-
tions periments

4 Autonomous lab integration Safety, audit, replication,

and governance

Autonomy should be earned, not assumed.
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Science is a loop: question, hypothesis, test, error, revision.
Most science is incremental, but rare disruptions can reorganize the map.
Al is moving from prediction toward agentic discovery.

Agentic Al can search vast possibility spaces in biology, chemistry, physics,
and materials science.

@ Out-of-distribution exploration is where discoveries may live, but also where
errors become more dangerous.

@ The biggest risk is confusing plausible outputs with validated knowledge.

Let Al explore possibilities.
Let science decide what is real.
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Selected Sources and Inspirations
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Insilico Medicine. Insilico Medicine Launches PandaClaw: Empowering Biologists with Agentic Al for Therapeutic Discovery. 2026.

https://insilico.com/news/spjz8fzmbl-insilico-medicine-launches-pandaclaw-emp

MIMS Harvard. MEDEA: An omics Al agent for therapeutic discovery. GitHub repository.
https://github.com/mims-harvard/MEDEA

Szymanski et al. An autonomous laboratory for the accelerated synthesis of novel materials. Nature, 2023
https://wuw.nature.com/articles/s41586-023-06734-w

Google DeepMind. Millions of new materials discovered with deep learning. 2023.

https://deepmind.google/discover/blog/millions-of-new-materials-discovered-with-deep-learning/

AUTONOMOUS AGENTS COORDINATING DISTRIBUTED DISCOVERY THROUGH EMERGENT ARTIFACT EXCHANGE .
https://arxiv.org/pdf/2603.14312

Zechen Zhang. X thread on scientific workflows and agentic research ideas.
https://x.con/ZechenZhang5/status/2049991768167649483
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