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Agentifying the scientific method
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Automation in materials research has targeted the making; the scientific method—hypothesizing, designing
discriminating experiments, judging what the data mean—has remained human. This preview highlights a
study by Ghareeb, Chang, and colleagues in which a multi-agent system takes on those stages and asks
what that means for materials discovery.

Automation in materials research has
mostly focused on the physical loop. Ro-
botic sample handling, parallelized work-
flows, and in-line characterization have
compressed the time required to prepare
and measure a sample and have removed
much of the manual labor involved.'? Yet
the rate-limiting step in discovery is often
not the making. It is the scientific method
itself —above all, framing a hypothesis
worth testing and designing the experi-
ment that will actually discriminate be-
tween competing explanations, brack-
eted by the reading of a scattered
literature beforehand and the extraction
of meaning from noisy data after. This is
work that has remained almost entirely
human.

Writing in Nature, Ghareeb, Chang, and
colleagues introduce Robin, a multi-agent
system that automates the intellectual
stages of a discovery cycle while leaving
bench execution to human scientists.®
Given only the name of a disease, Robin
surveyed the literature, selected a thera-
peutic strategy and an assay with which
to test it, and nominated the compounds
to screen. Human scientists then per-
formed the experiments.

Three specialized agents perform the
retrieval and the analysis, and Robin is
the structured workflow that coordinates
them (Figure 1A and 1B). Two of the
agents, Crow and Falcon, are built on Pa-
perQA2,* and they search the literature
and ground their answers in the retrieved
text rather than in the model’s parame-
ters, so their citations stay attached to
real papers. Crow returns concise re-

ports, and Falcon writes deeper evalua-
tions that include the case against each
candidate. The third agent, Finch, ana-
lyzes experimental data by writing and
executing its own code. Because the
same agent given the same data does
not always reach the same conclusion,
Robin launches eight independent Finch
analyses and reconciles them into a
consensus. Robin itself supplies the con-
nective reasoning. It composes the ques-
tions, ranks the returned hypotheses in a
large language model-judged pairwise
tournament, and determines what each
result implies for the round that follows.

The authors deployed Robin against
dry age-related macular degeneration,
the leading cause of irreversible sight
loss in developed countries. Robin re-
viewed 151 papers to shortlist ten candi-
date disease mechanisms, ranked them,
and selected the strategy of restoring
the debris-clearing capacity of the retinal
cell layer that fails in this disease. It spec-
ified the assay that would measure this
capacity cell by cell, then reviewed some
400 further papers to nominate and rank
thirty existing drugs. The literature-agent
calls behind all of this cost under $11.
The authors estimate that the equivalent
intellectual work (searching, synthesizing,
ideating, and designing) would occupy a
human scientist for 359 to 424 h.

Then human scientists re-entered the
loop. They advanced the top five candi-
dates from the ranking and wrote their
own protocol around the assay Robin
had specified, adapting several of its
choices to what the laboratory had on

hand. They then performed the experi-
ment and returned the raw data files to
Robin with a brief instruction naming the
analysis to be run. Finch carried out the
remainder, writing and executing its own
analysis code, and a human reanalysis
of the same data confirmed its conclu-
sion. One compound stood out: Y-
27632, a research-grade inhibitor of Rho
kinase (Figure 1C; Robin round 1). Robin
then proposed a follow-up experiment of
its own, profiling gene expression in
treated cells to ask how the hit acts. The
result was consistent with the com-
pound’s known mode of action.

The second round is where the loop
closes. Robin incorporated these results
into its next literature search and,
reasoning now from experimental evi-
dence, proposed a new set of candidates.
Its leading proposal, ripasudil, kept the
validated target but changed the mole-
cule. As a drug already approved in Japan
for another disease of the same organ, it
carries a safety record that a research
compound lacks. Of ten candidates
tested, ripasudil outperformed Y-27632,
a gain confirmed by a dose-response
experiment. A final re-screen in primary
human cells from an elderly donor, under
conditions much closer to the diseased
tissue, upheld this result and added a sec-
ond hit, KLOO1, which achieves the same
effect by a route the authors believe to
be untried (Figure 1C; Robin round 2).
Two rounds therefore traced a path from
a plausible mechanism to a working
research compound to an approved
drug repurposed for a new disease, with
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Figure 1. Robin, a multi-agent system that automates the reasoning stages of a discovery cycle

(A) System overview. A scientist names a target disease, and Robin alternates between hypothesis generation (Crow, Falcon) and experimental analysis (Finch),
with laboratory experiments performed by human scientists in between.
(B) One round in detail. Robin selects an assay, generates therapeutic candidates from literature searches and any preceding experimental results, and feeds

Finch’s analysis into the next round (dashed arrow).

(C) Compounds from both Robin rounds screened against those of a general-purpose research agent, in primary human retinal cells from an aged donor. Bars
show fold change in mean fluorescence intensity relative to vehicle; error bars show the SEM (n = 4). One-sided Dunnett test: *p < 0.05, **p < 0.001.

(A) and (B) adapted and (C) replotted from data in Ghareeb et al.® with permission from Springer Nature.

the machine performing the reading and
the proposing at every step and the hu-
mans applying domain judgment and car-
rying out the experiments.

The authors also validate the architec-
ture of Robin itself. Replacing the litera-
ture-search agent with OpenAl’s 04-mini
answering directly raised the proportion of
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fabricated references from none to nearly
half. The retrieval agents do not make the
system a better reasoner. They make its
output verifiable, keeping each claim con-
nected to areal paper. Finch was evaluated
as well. Scored against a rubric written by
human experts, its analyses met nearly
every criterion. The most direct compari-

son came last. Deep Research by OpenAl,
a leading general-purpose research agent,
was given the same task and asked for the
same number of candidates, and none of
the drugs it proposed proved active
(Figure 1C; Deep Research).

The authors read these results as evi-
dence of a particular kind of capability.
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Robin’s hypotheses are novel not
because any single insight is new but
because the system connects insights
that already exist, scattered across the
literature or belonging to separate fields.
They are also clear about what remains
undone. Robin writes experimental out-
lines rather than executable protocols,
so a human expert must still translate
each proposal into a procedure the labo-
ratory can run, and Finch depends on
analysis instructions written by domain
experts. The authors aim to address
both as a next step. Future versions are
intended to produce protocols detailed
enough to run with minimal human trans-
lation, and an analysis agent that writes
its own instructions for a given type of
data. These capabilities are also central
to the autonomy that self-driving labora-
tories (SDLs) ultimately pursue.

This paradigm of reliable, literature-
grounded synthesis, they argue, is not
specific to drug repurposing, and the au-
thors name “materials science” among
the fields to which it could extend. We
agree with this expectation, and the
extension will be a genuine test, because
the two discovery problems are structur-
ally distinct. Drug repurposing is, by
design, a selection problem. The candi-
dates already exist as discrete, nameable
molecules, and the question is which of
them to try. Discovering a heterogeneous
catalyst or a photovoltaic absorber is a
generation problem.® Candidate mate-
rials must first be synthesized, and
composition, structure, and processing
together define both what is made and
how it performs in the final device. None
of this argues against agentic discovery
in materials science. It argues for adopt-
ing it as Robin actually operated, with hu-
mans in the loop, rather than as a fully
autonomous pipeline.

Full autonomy remains the ambition of
SDL researchers across many fields,®

but for the near term, and possibly much
longer, the practical path will be a delib-
erate division of labor in which Al agents
read and propose across volumes of liter-
ature that no specialist can hold; robots
make and measure; and human judgment
refines the agents’ proposals into execut-
able procedures, steers with domain
expertise,””® and audits interpretation of
data that are inevitably noisy. Robin’s
deepest lesson is that literature grounding
and careful orchestration, not raw model
power, are what made its loop work. Like-
wise for materials science, the task now
extends beyond automating its far more
complex experiments: agentic hypothe-
sizing amid data that are noisy, nonli-
nearly coupled, and imperfect remains in
its infancy, and bringing it to maturity will
require agents, robots, and human ex-
perts working in concert.
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