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SUMMARY

Artificial intelligence (Al) in biomedicine has evolved from pattern-recognition for medical image analysis to
generative models like AlphaFold that predict protein structures. Tools such as Elicit, GPT-Rosalind, and
Claude Science now bridge prediction and reasoning through literature synthesis, domain-tuned models,
and agentic workbenches. Three recent systems (Co-Scientist, Robin, and Biomni) demonstrated agentic
Al capable of generating hypotheses, designing experiments, computational analysis, and refining reasoning
through experimental feedback. This perspective traces the emergence of agentic scientific reasoning, dis-
cusses scaling laws and autonomous laboratories, and argues that Al’s transformative potential is insepa-
rable from challenges in hallucination, bias, irreproducibility, and dual use. Scientific progress will depend

on responsible human-Al collaboration.

INTRODUCTION

Artificial intelligence (Al) in biomedical sciences has rapidly
evolved from deep learning in medical imaging analysis to gener-
ative Al that includes large language models (LLMs), vision lan-
guage models, ambient Al, and multimodal AlL."? Convolutional
neural networks (CNNs), which can process grid-structured
data like images and video and extract spatial features like edges
and textures, classified clinical data such as retinal images3 and
histopathology slides* with near-expert level accuracy by exam-
ining spatial structure in image data. Statistical models predicted
protein-protein interactions from amino acid sequence and gene
expression data.””” Variant callers distinguished true genetic
signal from sequencing noise,® and further models learned to
predict pathogenicity of uncharacterized genetic variants.® !’
Recently, foundation models and LLMs have demonstrated
potential in supporting clinical reasoning. These advancements
shared a common structure: a well-defined input mapped to a
well-defined output, specified in advance by a human scientist
who knew what question to ask.

In 2026, papers appeared simultaneously that mark an inflec-
tion point in this trajectory (Figure 1). Gottweis and colleagues
introduced Co-Scientist,'” a multi-agent system built on iterative
hypothesis generation, tournament-style self-critique, and test-

time compute scaling. Rather than answering a fixed question
posed by a human investigator, Co-Scientist orchestrates multi-
ple Al agents in “tournament”-style competition in which they
assess two hypotheses at a time, scan the literature, and rank
the hypotheses. In one validation, the system proposed drug re-
purposing candidates for acute myeloid leukemia (AML),
including KIRAB, an inhibitor of the stress-responsive enzyme
IRE1« that had not been previously proposed as a prepurposing
candidate for AML; KIRA6 showed selective tumor inhibition in
patient-derived cell lines, killing leukemia cells at concentrations
up to 18-fold lower than those required to kill control cells. In
another, it identified epigenetic targets for liver fibrosis with
anti-fibrotic activity and evidence of regeneration in human
hepatic organoids; in a third, it independently recapitulated
a then-unpublished experimental finding on capsid-forming
phage-inducible chromosomal island gene transfer in bacteria.

A contemporaneous multi-agent Al system, Robin, couples
hypothesis generation directly to autonomous analysis of exper-
imental data.’® Robin is composed of three collaborating agents
with avian-inspired names: Crow performs shallow literature
scans, Falcon performs deep dives in literature, and Finch ana-
lyzes experimental data obtained from benchside testing. Robin
was asked to focus on a disease of interest: dry age-related
macular degeneration (dAAMD), a leading cause of severe vision
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Figure 1. Anatomy of agentic scientific systems

loss. Robin identified and reviewed 151 papers and proposed
10 biologically relevant dAMD mechanisms, ranked them
and the corresponding experimental strategies, and proposed
enhancing phagocytosis by retinal pigment epithelium (RPE) as
a therapeutic strategy, as well as testing drugs to enhance
phagocytic capacity with patient-derived or stem cell-derived
primary RPE cells. In this pipeline, (1) Crow conducted a litera-
ture review of about 400 papers and proposed 30 existing
drug candidates for experimental testing; (2) Falcon then
comprehensively evaluated each of these molecules, and they
were ranked in an LLM-judged tournament. A human selected
the top 5 candidates from this ranking and tested them experi-
mentally, and (3) Finch then gated the raw flow cytometry data
and performed statistics. Through an iterative lab-in-the-loop
discovery cycle, Robin identified ripasudil and KLOO1 as en-
hancers of RPE phagocytosis. After human experimentalists
validated predictions in primary human RPE cells, Robin then
autonomously analyzed the resulting RNA-sequencing data
and proposed the upregulation of the lipid transporter ABCA1
as a mechanistic pathway.

Concurrently, Huang and colleagues introduced Biomni,'* a
general-purpose Al agent (a system that can interpret and
execute a wide variety of open-ended tasks across multiple
domains instead of one) (Figure 1). Rather than using multiple
competing agents in a tournament, Biomni is a single agent
that can reason over a curated environment (i.e., Biomni-E1,
which had 150 specialized biomedical tools, 105 software
packages, and 59 databases from mining 2,500 publications
across 25 subfields on bioRxiv). When a user query is given,
Biomni uses retrieval-augmented planning (which recalls past
experiences or references external data, instead of relying on
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pre-trained knowledge) to select relevant resources, generate
a step-by-step plan, and execute each step through code. This
code-as-action interface lets the agent compose workflows
dynamically, without predefined templates.

These three systems now go beyond retrieving or summari-
zing existing knowledge; they drive iterative cycles of hypothe-
sis generation, experimental design, and data interpretation
that begin to approximate aspects of human scientific
reasoning itself. The authors of Robin argue that its ability to
effectively generate novel, testable hypotheses by combinato-
rially synthesizing non-obvious connections between disparate
fields is useful for finding “low-hanging fruits” that may elude
human researchers with compartmentalized knowledge. This
architectural diversity among these systems (multi-agent
tournament versus single-agent code execution) indicates
that the field is exploring multiple viable paths in building an
artificial scientist.

This perspective traces the arc from supervised pattern recog-
nition through generative models to agentic scientific reasoning,
examines whether scaling laws transfer from language modeling
to discovery, considers the prospect of closed-loop autonomous
laboratories, and highlights the scientific and ethical risks that
accompany this transition. We acknowledge that this arc from
pattern recognition toward autonomy represents one framing of
the field’s trajectory, shaped by the recent emergence of agentic
systems, but alternative narratives also exist that emphasize
increasingly capable human-Al collaboration instead of autonomy
or data infrastructure instead of reasoning capability. Here, we
prioritize the narrative of agentic scientific reasoning because
the systems that we examine (Co-Scientist, Robin, and Biomni)
make the question of autonomy especially timely.
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Figure 2. Evolution of Al-assisted science

(A) Evolution of Al-assisted science from pattern recognition toward autonomous laboratories.
(B) A comparison of various systems on the autonomy spectrum, illustrating the respective contributions of Al and human investigators at each stage of the

discovery pipeline.

THE ERA OF PATTERN RECOGNITION

The first wave of biomedical Al, spanning roughly 2012 to 2020,
was defined by supervised learning applied to single, well-spec-
ified tasks (Figure 2). Deep CNNs became useful in skin lesion
classification and diabetic retinopathy screening,®* ' at least
in identifying high-risk pathology that warranted referral to a
specialist. In genomics, machine learning models learned to
call genomic variants from short-read data with high accuracy®
and predict the pathogenicity of uncharacterized variants. In
drug discovery, quantitative structure-activity relationship
models predicted whether a candidate molecule would bind a
given target,'® but this task still required a human medicinal
chemist to have already proposed the molecule and identified
the target worth pursuing. In this first era, the human investigator
provided the scientific question, the relevant data, and the
criteria to differentiate success from failure, and the model per-
formed the pre-determined tasks.

In the field of biological structure prediction, AlphaFold,'’
which first competed in the Critical Assessment of Protein
Structure Prediction (CASP) in 2018 and achieved near-
experimental accuracy'® with AlphaFold2 at CASP14 in 2020,
marked a transition from classification to generative modeling.
For decades, predicting the three-dimensional fold of a protein
from its amino acid sequence had been one of the central
unsolved problems in computational biology. RoseTTAFold'®
extended the transformer paradigm with a three-track neural
network integrating one-dimensional sequence, two-dimen-

sional distance, and three-dimensional coordinate information
to produce predictions approaching AlphaFold2 accuracy
while running on a single workstation. ESMFold used the
ESM-2 protein language model to predict structures directly
from single sequences without multiple sequence align-
ments.’® AlphaFold’s near-experimental accuracy across a
substantial fraction of the proteome, combined with the deci-
sion to release predicted structures as a public resource,?’
demonstrated that Al could function as a generator of biologi-
cally actionable knowledge instead of just a faster classifier of
it. AlphaFold 3’s extension to protein-ligand, protein-nucleic
acid, and antibody-antigen complexes broadened its impact
beyond protein structural prediction.””

AlphaFold was the most visible example of a broader shift
toward generative and foundation models in biology. Protein
language models such as ESM-2 learned rich representations
of sequence space from billions of proteins,?® which enable
not only structure prediction, but also function annotation
and variant effect prediction without task-specific training.
Foundation models extended this paradigm to other modalities
including single-cell multi-omics,*>?* while generative models
for protein design (e.g., RFdiffusion®®) and small-molecule gen-
eration moved from predicting biological entities to designing
novel ones. These developments expanded the range of ques-
tions that Al can address, but each still operated within a fixed
boundary defined in advance by a human. The model generated
a structure, a sequence, or a molecule when asked, but did
not decide what to generate, why it mattered, or what to do
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with the result. The agentic systems of the next era attempt to
cross this boundary.

THE AGENTIC ERA

A second wave of tools emerged that began to assist with the
reasoning process itself. Literature and evidence-synthesis as-
sistants such as Elicit>® applied semantic search and language
models to screen, extract, and synthesize findings across tens
of millions of papers, accelerating systematic review. Domain-
tuned reasoning models such as GPT-Rosalind, a frontier model
specialized for life sciences, are designed to reason across mol-
ecules, proteins, genes, and pathways to support hypothesis
generation and experiment planning. Agentic research work-
benches such as Claude Science orchestrate numerous scienti-
fic databases and tools within a single environment.

Co-Scientist'? and Robin'® are multi-agent architectures that
can formulate questions themselves. They are collections of
specialized model instances that take on distinct functional
roles: generating candidate hypotheses, critiquing and ranking
them in tournament-style competitions, retrieving and synthesiz-
ing relevant literature, and proposing concrete experimental pro-
tocols. These communicate iteratively rather than producing a
single forward pass from input to output. This architecture allows
the system to allocate additional computation not only to making
a single answer more accurate, but to exploring a wider hypoth-
esis space and refining candidates through self-critique before
committing to a final proposal. Co-Scientist runs pairwise com-
parisons between hypotheses using simulated scientific debates
and scoring them with an Elo-based system, which is a method
for ranking competitors from pairwise comparisons originally de-
signed for chess. Here, the “competitors” are the hypotheses,
and the “matches” or “tournaments” are pairwise contests in
which a Ranking agent judges which of the two hypotheses is
the most promising. This tournament structure provides the se-
lection pressure that converts generative quantity into quality,
and the win/loss patterns of the different hypotheses are fed
back to drive iterative improvement. This is the mechanism
through which test-compute scaling can translate into better hy-
potheses, not just more hypotheses. This allows the system’s
output to take a form that more closely resembles scientific
reasoning: not a single prediction, but a ranked set of hypothe-
ses, each accompanied by supporting evidence, an account of
its novelty relative to the existing literature, and a proposed
experimental path for resolving the remaining uncertainty.

With Robin, the system enabled both hypothesis generation
as well as data interpretation. After proposing ripasudil as a re-
purposing candidate for dAMD, the system did not stop at the
prediction. It designed the follow-up transcriptomic experiment,
and after human collaborators executed the wet-lab assay,
Robin autonomously analyzed the resulting RNA-seq data and
identified ABCA1 upregulation as a mechanistic pathway.'®
The human collaborator still plays a substantial role in the itera-
tive process. Several of Robin’s experimental suggestions were
overridden by human scientists who judged them impractical,
and the analytical agent performed less well on questions that
required statistical and bioinformatic reasoning, relying heavily
on human-supplied prompts. In Co-Scientist as well, a human
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scientist still executes the physical wet-lab experiments and re-
tains authority to evaluate, accept, or discard the system’s pro-
posals throughout. Neither system has yet closed the loop fully,
from hypothesis through physical experimentation back to
model update, without human intervention at each stage.

Biomni represents a third architectural paradigm.’® Instead
of having multiple agents in competition, Biomni is a single
general-purpose agent that composes workflows over a single
biomedical environment. Its action-discovery agent mined
2,500 publications across 25 bioRxiv subfields and yielded
Biomni-E1, with specialized tools, 105 software packages, and
59 databases. Biomni uses code as its primary way to interact
with scientific tools and databases; each step of a plan is
expressed as executable code, and it can perform complex,
multi-step procedures such as running a process repeatedly,
running multiple operations simultaneously, or making decisions
based on data. The agent employs adaptive planning where it
formulates an initial plan grounded in biomedical knowledge,
then iteratively refines it through execution to enable context-
aware behavior. Where Co-Scientist’s tournament provides
selection pressure that converts generative quantity to quality
through pairwise competition, Biomni’s code-based system
provides the ability to compose arbitrary workflows across
diverse tools.

A remaining gap is the connective execution layer that trans-
lates computational reasoning into physical experimentation
and returns structured results to the agent. This would be the
difference between an agentic co-scientist and an autonomous
laboratory. General-purpose agent runtimes like OpenClaw can
provide persistent agent loops capable of planning, calling
tools, or executing code and could in principle drive laboratory
hardware, laboratory information management systems
(LIMSs), and other infrastructure under human oversight. Bio-
mni’s integration with PyLabRobot,?” which generates execut-
able liquid-handling protocols for Hamilton STAR robotic sys-
tems from natural-language experimental specifications, is a
complementary approach to this gap of generating executable
automation code rather than providing a runtime orchestration
layer. These approaches start to bridge computational scienti-
fic reasoning and physical experimentation.

In all systems, human curation is still important. A small frac-
tion of candidates, chosen by human scientists from the sys-
tem’s ranked output, were carried forward to bench testing.
These were ranking-and-selective validation paradigms, not a
comprehensive assessment of the system’s predictive accu-
racy. Co-Scientist explored 2,300 approved drugs across 34
cancer types for repurposing, but only a few candidates selected
by humans were tested in vitro; 3 showed some activity, and 1
showed particular promise.'® Robin generated 30 therapeutic
candidates for dAMD, tested 15 across two iterations, and
confirmed 2 hits.'® Biomni’s benchmark tasks used ground-truth
labels, but its open-ended case studies still involved human
selection of what to test.* These all support the value of the
system-plus-human pipeline, not necessarily the autonomous
system itself. When expert reviewers select which hypotheses
to advance from a generated pool, the success also reflects
human judgment to spot a needle in a haystack, rather than
the system’s ability to prioritize correctly. Without knowing



10.1016/j.cell.2026.08.052

Please cite this article in press as: Guo et al., Toward autonomous science with agentic artificial intelligence, Cell (2026), https://doi.org/

Cell

whether the experimentally validated candidates were the sys-
tem’s top-ranked proposals or human overrides, and without
evaluating how these systems behave when pointed at problems
with no viable answer, we cannot yet assess whether these suc-
cesses reflect a generalizable capability versus broad generation
paired with selective human curation. This is not a criticism of the
breakthroughs themselves, which appropriately focused on
proving that agentic hypotheses can survive experimental vali-
dation, but it represents a methodological gap the field will likely
fill as systems advance toward higher automaticity. Although
Biomni-Eval1 includes direct comparisons to human expert per-
formance on benchmark tasks with known answers, it is less
known how agentic Al will perform against human experts asked
to generate and rank candidates under the same constraints.
Studies in natural language processing (NLP) ideation had
shown that LLM-generated research ideas were judged to be
more novel at the ideation stage,?® but then judged to be less
exciting after execution.?® Without such rigorous comparisons,
it is unclear whether newer agentic systems will outperform hu-
man scientists at hypothesis prioritization, or whether they pri-
marily accelerate the process by generating a larger, more
well-informed, or more intensely curated candidate pool from
which human expertise can select.

Another gap is the absence of comparison to domain-specific
computational baselines. Drug repurposing is not a new prob-
lem; decades of computational biology research have produced
targeted methods, such as network-based approaches that
predict drug-target interactions and drug-disease proximity on
the human interactome,®**" signature matching that connects
disease- and drug-induced gene expression profiles,*>** and
graph neural networks trained on drug-target interaction
data.®* Head-to-head evaluation against domain-specific
baselines would help to evaluate claims that agentic Al is a
new paradigm for biomedical discovery. Moreover, the biolog-
ical significance and novelty of the successful validations remain
an open question. Tumor inhibition in patient-derived cell lines is
a low bar: many compounds have shown anti-tumor activity
in vitro that fails to translate to clinical efficacy, and many prom-
ising preclinical candidates fail in phase Il or beyond.*® Anti-
fibrotic activity in hepatic organoids is similarly suggestive, but
far from conclusive. Along similar lines, Rho-associated protein
kinase (ROCK) inhibition has long been known to be effective
for enhancing RPE phagocytosis,*® and ripasudil as nominated
by Robin had already been actively repurposed within ophthal-
mology in diabetic macular edema®” and retinal ganglion cell
neuroprotection.®® Agentic systems will continue to mature; it
will soon be seen whether Al systems can robustly make novel
biomedical discoveries that survive the transition through in vivo
models and human clinical trials.

IS MORE AUTONOMY BETTER?

The aforementioned methodological gaps raise a broader
question of whether more autonomy is always desirable. In
many contexts, Al may not be most helpful as autonomous
investigators but as bounded reasoning components, con-
strained to specific decisions and interpretable in their outputs.
A recent study>® supports this alternate architecture: rather
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than using multi-agent architecture, the authors used three
frontier LLMs (GPT-40, Claude-3.7, and Gemini-2.5-Pro) as
bounded reasoning components within a fixed, human-
designed pipeline for chimeric antigen receptor (CAR)-T cell
target discovery. The models optimized feature weights for a
multi-criteria scoring system and nominated the most prom-
ising targets from a shortlist, each across 1,000 independent
simulations. The pipeline itself (single-cell atlas construction,
feature extraction from six public databases, and all experi-
mental validation) was entirely human, and the LLMs did not
generate hypotheses de novo, retrieve literature, or propose
experiments. After glycoprotein non-metastatic melanoma
protein B (GPNMB) emerged as the most frequently nominated
target across all three models, the authors engineered a CAR
construct and demonstrated anti-tumor activity in vivo across
three xenograft models.

Two reports from independent groups appeared contempora-
neously, both validating GPNMB as a CAR-T target through
non-Al approaches: a proteogenomic surfaceome screen in mi-
crophthalmia/transcription factor E (MiT/TFE)-fusion-driven sar-
comas”® and a multi-omic profiling platform in glioblastoma.*’
The sarcoma study“® reported a first-in-human clinical case
(ClinicalTrials.gov: NCT07104682) in which GCAR1, the same
GPNMB-directed CAR construct, produced stable disease for
up to 3 months, a 52% decrease in lung lesion counts, and no
cytokine release syndrome or neurotoxicity. The glioblastoma
study”' showed durable disease control beyond 160 days in or-
thotopic patient-derived xenograft models. The convergence of
an LLM-driven pipeline and two conventional computational ap-
proaches on the same target is strong evidence for the validity of
GPNMB, and this was achieved by using Al as a narrow,
bounded component within an otherwise fully human-designed
pipeline or by not using Al for target discovery at all. The appro-
priate level of autonomy is itself an empirical question, and a
narrowly scoped model embedded in a human-designed pipe-
line can yield robust, experimentally validated discoveries
without requiring end-to-end Al control.

More autonomy may not necessarily drive more impactful dis-
coveries. Recent work*? distinguishes three modes of inference
in scientific discovery: induction (finding patterns in data),
deduction (deriving consequences from established premises),
and abduction (the creative leap to a new explanatory hypothe-
sis). Current Al systems are mastering induction through
statistical learning and are advancing in deduction, but they
arguably lack the capacity for abduction, which is the generation
of genuinely novel thought rather than recombinations of existing
knowledge. LLMs operate over text without sensory or physical
grounding, and LLMs may be structurally incapable of creating
new foundational axioms.*> However, biomedical discovery
can be largely inductive, driven by large datasets rather than
scarce observations, and worthwhile hypotheses can often be
derived from connecting existing knowledge across domains
rather than inventing entirely new axioms. Nonetheless, the
most transformative biomedical discoveries usually require con-
ceptual leaps that go beyond pattern matching in existing data.
Whether current architectures can perform such leaps, or
whether they require physical grounding that emerging multi-
modal models may provide, remains an open question.
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SCALING LAWS

To evaluate increasingly capable Al co-scientists, it is helpful to
consider scaling laws: the observation that Al systems tend to be
more capable in predictable ways as they are trained on larger
datasets, use more computing power, and contain more param-
eters.*>** Early work focused on “training-time compute,” the
computational resources used to build and train a model before
it is deployed. Recent work has identified sub-scaling regimes in
which returns diminish once training corpora saturate or become
redundant.*®> More recently, researchers have recognized the
importance of “test-time compute,” which is the computational
effort a model expends while solving a specific problem after
training.*® Rather than producing an immediate answer, a model
can devote additional computation to exploring alternatives,
evaluating evidence, checking reasoning, and refining potential
solutions. In parallel, a growing body of work demonstrates
that agents can also improve over time through online adapta-
tion, refining their own prompts, memory, and workflows across
successive tasks without retraining the underlying model.*” This
ability to allocate computational resources during problem-solv-
ing has emerged as a major driver of recent advances in Al
reasoning and agentic systems.

In a reasoning system equipped with test-time compute
scaling, additional computation translates into additional delib-
eration: the system can explore a broader region of the hypoth-
esis space, generate and discard more candidate solutions, and
iteratively refine a proposal before committing to a final answer.
This was the logic that distinguished AlphaGo’s advance over
earlier game-playing systems*® and allowed it to defeat world
champion Go players. The board game Go is an enormous
search space, with many possible move sequences to evaluate
exhaustively. AlphaGo combined neural networks with Monte
Carlo Tree Search, which involves building a decision tree
through random sampling and simulations. Rather than relying
on a single prediction, it searched through competing possibil-
ities before deciding on a move. Similarly, Co-Scientist’s tourna-
ment-based, self-critique method spends computation at the
moment of reasoning, instead of producing a single response
in one forward pass. In both cases, improved performance arises
from additional computation to evaluate alternative possibilities
before committing to a decision. But AlphaGo is not an analogy
for scientific discovery. Go possesses a perfect objective func-
tion of winning the game, as well as a fully specified and bounded
state space. Scientific discovery has neither: there is no unam-
biguous signal that distinguishes a good hypothesis from a
bad one prior to experimental testing, and the space of possible
hypotheses is open-ended and undefined. More search in Go
produces better moves because the evaluation function is
ground truth, and while more search in science may produce
more candidate hypotheses, it is not a guarantee that more hy-
potheses will lead to better science.

In the pattern recognition era, a classifier trained to recognize
diabetic retinopathy does not become a better scientist if given
more compute at inference time; it simply applies the same fixed
function more quickly. A reasoning system built around test-time
search, by contrast, becomes capable of qualitatively different
behavior—deliberation, self-critique, and iterative refinement—
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as more computation becomes available to it.*® Biomni’s adap-

tive planning is an alternative mechanism for the same principle:
test-time compute is allocated to iterative plan refinement
and code debugging, rather than tournament-style hypothesis
competition. By optimizing Biomni-R0O through trial-and-error
training, expanding the underlying model from 8 billion to 32
billion parameters yielded a 10% absolute improvement on the
Biomni-Eval1l benchmark tasks. This shows that model scaling
improves performance on bounded biomedical tasks with
defined correct answers, but it does not directly establish that
comparable gains will translate to open-ended hypothesis gen-
eration, where no ground-truth signal is available to guide optimi-
zation.

Scaling laws in language modeling operate over a relatively
smooth, well-defined space of token sequences, where
more compute reliably yields more fluent and more capable
output.*>** The hypothesis space in biology is neither smooth
nor well-defined: it contains decades of accumulated knowledge
that is incomplete, sometimes contradictory, and unevenly
distributed across domains. A system that explores more of
this space is not guaranteed to find better hypotheses in it,
because the relationship between search effort and hypothesis
quality depends on the quality of the prior knowledge that
constrains the search. In domains where the literature is sparse
or unreliable (such as rare diseases, understudied organisms,
non-coding regulatory biology), more searching may simply
amplify noise rather than converge on truth. The tournament-
based self-critique that drives refinement in systems like Co-
Scientist assumes that the critic agents can reliably distinguish
good hypotheses from bad ones, but if the training data for
those critics is itself biased or incomplete, the tournament may
converge confidently on the wrong answer rather than slowly
on the right one. Biomni’s action-discovery approach introduces
arelated concern of recency bias: by mining only the most recent
papers per bioRxiv category to refine its environment, perhaps
the system would overrepresent trending methods and underre-
present foundational techniques that have faded from current
discourse. '

Many agentic systems are currently reasoning primarily from
the scientific literature— the vast body of text through which
humans describe and interpret the natural world. This is a
powerful substrate and allows the models to synthesize findings
across disciplines, identify gaps in existing knowledge, and
propose connections that individual investigators may overlook.
But language is an imperfect proxy for biological reality, and the
scientific literature is ultimately an interpretation of experimental
observations, rather than the observations themselves. Out of
necessity, LLMs compress, summarize, and abstract quantita-
tive measurements, whereas structured biological data (such
as genomic sequences, protein structures, transcriptomic pro-
files, cellular microscopy, or functional assays) preserve infor-
mation that may never be fully captured in text. A system that
reasons primarily over words about proteins or pathways can
connect published claims, but it has limited ability to evaluate
those claims against the underlying experimental evidence
from which they were derived. It remains an open question
whether the scale laws that govern text generation will apply to
higher-level scientific reasoning.
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The frontier for Al-driven scientific reasoning is in multimodal
systems that ground linguistic reasoning in quantitative biolog-
ical data, linking the concepts and relationships expressed in
text to the sequences, structures, and measurements that
constrain their interpretation. Such multimodal grounding would
enable these systems to navigate not only what has been written
about biology but also biology itself. Much of the quantitative
content of the scientific literature is in tables and figures instead
of text, and vision language models can interpret published
figures and answer questions about them**°°; there are efforts
in semantic annotation of figures and their underlying source
data,® all for turning published results into analyzable and
trainable datasets. Fully autonomous robotic laboratories would
offer another route to this grounding, because they generate
structured, instrument-level measurements that are not medi-
ated through narrative publication. Images, plate-reader traces,
liquid-handling logs, reagent metadata, passage number, incu-
bation history, and failed runs can all become part of the model’s
memory when captured in machine-readable form. In this sense,
the relevant scaling axis for scientific Al may increasingly include
not only training- and test-time compute but also the rate at
which grounded experimental observations can be produced,
standardized, and returned to the reasoning system.

In benchmarking Al-assisted science, it is helpful to consider
Goodhart’s law, which states that when a measure becomes a
target, it ceases to be a good measure. The scaling laws govern-
ing language models assume a simple training task: given a pas-
sage of text, the model predicts the next word, and its “loss” is a
numerical score of how wrong that prediction is. The model is
trained to minimize this loss, and researchers evaluate whether
a model has improved by measuring this same loss. There is
no gap between the training signal and true objective; therefore,
scaling works cleanly because more compute reliably produces
better models, as “better” is defined unambiguously. However,
in scientific discovery, the true objective of generating hypothe-
ses that lead to real discoveries can only be confirmed through
experiments that often take weeks or months to execute, and
even longer to replicate. In the interim, any system must optimize
a proxy, such as internal consistency, literature support, and
novelty scores. These proxies will be imperfect, but what will
be even more problematic is that the optimization pressure will
specifically favor hypotheses that score well on whatever is
measurable. Therefore, the relationship between compute and
meaningful discovery in science will likely be fundamentally
less predictable than in domains where the objective function
is self-validating.

TOWARD THE AUTONOMOUS LABORATORY

Perhaps the most consequential near-term development sug-
gested by this convergence is the autonomous, or self-driving,
laboratory: a closed-loop system in which Al generates hypoth-
eses, robotic platforms execute experiments, data are analyzed
automatically, and the results are used to refine the next iteration
of hypotheses generation with minimal human intervention.>*>*
Self-driving laboratories are already operational in chemistry
and materials science, where robotic platforms synthesize and
characterize hundreds of candidate compounds under the direc-
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tion of machine learning systems that continuously select the
next experiment based on results from the previous iterations.

The same transition is now beginning in biology, where the
experimental substrate is noisier but the value of closed-loop
iteration is high. A closed-loop system autonomously executed
cell-based senescence assays and identified pharmacological
inhibition of TRAF2- and NCK-interacting kinase (TNIK) as a se-
nomorphic intervention, with the Al-driven robotics platform
running the hypothesis-to-experiment cycle rather than a human
bench scientist.®* TNIK was independently surfaced as a target
by a separate target-discovery approach: TNIK is the target of
rentosertib (ISM001-055), an Al-discovered and -designed
candidate that has reported phase 2a results in idiopathic pul-
monary fibrosis.”® Two independent pipelines, one an autono-
mous robotics laboratory operating on senescence phenotypes
and the other a target-discovery engine operating on disease
biology, converged on the same protein, which is an example
of the closed hypothesis-to-experiment loop producing a hy-
pothesis that can be tested in a clinical-stage program.®*

Co-Scientist and Robin represent partial realizations of this
broader vision. The systems generated hypotheses, proposed
experimental designs, and interpreted the resulting data, while
human investigators performed laboratory work.'?'® Biomni ex-
tends this trajectory by generating executable wet-lab protocols:
its PyLabRobot integration'**” produced liquid-handling code
for Hamilton STAR systems (including deck configuration, error
handling, and volume validation) from natural language descrip-
tions. But the protocols are generated and executed separately,
without the continuous feedback loop that defines a true auton-
omous laboratory.

These systems represent a reorganization of the traditional
division of labor in scientific research. Historically, laboratory
automation has focused on repetitive physical tasks (pipetting,
imaging, sequencing, liquid handling) while cognitive tasks
such as hypothesis generation, experimental design and inter-
pretation were human endeavors. These recent developments
suggest that the traditional boundaries between cognitive and
physical labor in science are being redrawn. Agentic Al now
inverts this pattern by automating elements of scientific
reasoning, even before the corresponding physical work has
been fully automated. The autonomous laboratory would not
simply be another form of automation, but the convergence of
these two trajectories into a closed-loop system, coupling
agentic reasoning systems directly to robotic experimental
platforms,”® moves the human handoff between hypothesis
and experimental execution. The practical mechanism for this
coupling is now taking shape in the form of open agentic oper-
ating systems such as OpenClaw and OpenClaw-like runtimes.
These systems provide the orchestration layer that connects
language-model reasoning to liquid handlers, imagers, incuba-
tors, LIMS, and analysis pipelines, so that a proposed experi-
ment can be scheduled, executed, and interpreted without a
manual handoff at each step. The TNIK senomorphic study®* is
an early demonstration of what this coupling yields when a
reasoning system and a robotic platform operate as one loop
rather than as two stages separated by human transcription.

The limiting factor in biological discovery has rarely been the
speed at which scientists generate hypotheses; it has been the
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speed at which the hypotheses can be tested. In silico, iteration
is usually rapid and inexpensive. Biology, by contrast, imposes
substantial experimental cost: cells must be cultured, reagents
purchased, protocols tested and optimized. Reasoning systems
without rapid experimentation will remain constrained by wet-
laboratory throughput. The most transformative Al systems for
biology may not be ones that reason most cleverly, but the
ones that iterate the fastest between each hypothesis-to-exper-
iment cycle. On this measure, a fully autonomous robotics labo-
ratory is the decisive variable, because it removes the human
scheduling latency that separates a proposed assay from its
execution. In the senescence study,”* the advantage came not
from a more sophisticated hypothesis but from an agentic layer
that could run, read, and re-plan cell-based assays continuously.
As these orchestration layers mature and connect to standard-
ized instrument application programming interfaces (APIs), the
binding constraint shifts from reasoning quality toward the phys-
ical cycle time of the underlying biology.

There are technical barriers to realizing this vision. Early
autonomous biology platforms have demonstrated closed-
loop experimentation in constrained settings, from Ross King’s
robot scientists®’° to recent LLM-driven cell culture sys-
tems.®°~®? Robotic platforms in materials and synthetic chem-
istry operate within comparatively well-defined reaction spaces
and relatively predictable, binary failure modes.>*:>*:°®> Autono-
mous biology would operate in a fundamentally more complex
environment, often relying on living, evolving systems. Biolog-
ical systems are vulnerable to experimental noise, microenvi-
ronmental fluctuations, and genetic drift. Batch effects can
introduce artifacts that are difficult to distinguish from genuine
biological signals,®"®® and biological systems (particularly
in vivo animal models) exhibit intrinsic variability. These
challenges will become important in autonomous closed-loop
systems. A hallucinated hypothesis may waste a single exper-
iment, but a hallucinated or erroneous interpretation may be
silently incorporated into the next cycle of hypothesis genera-
tion, and errors may be propagated through the discovery
process and corrupt entire trajectories of experiments. Until
we build interoperable, unified data fabric capable of contextu-
alizing biological noise, the throughput of autonomous labora-
tories will remain bottlenecked by the chaotic realities of live
biology, not by the limits of Al reasoning.

Another challenge is experimental data infrastructure. The
autonomous laboratory assumes that experimental data flow
cleanly from instruments to computational models based on
standardized experimental protocols; in practice, biological
data are often fragmented across incompatible software plat-
forms, produced through heterogeneous or non-standardized
protocols, stored in proprietary formats, and accompanied by
tacit knowledge that is difficult for machines to read. Valuable
experimental evidence, especially unsuccessful studies and
negative results, frequently remain inaccessible to future inves-
tigators and learning systems. The compounding loop that the
autonomous laboratory promises requires structured data and
persistent memory that the industry has not yet fully built. Fully
autonomous discovery will require the convergence of increas-
ingly capable Al reasoning, laboratory robotics, interoperable
data infrastructure, and human oversight into a unified scientific
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ecosystem. An open agentic operating layer could bind these
components together, provided its orchestration logic is in-
spectable rather than proprietary. If the sequence of hypothe-
ses, instrument calls, and data-ingestion steps is logged in a
form that other groups can read and replay, then the persistent
memory the autonomous laboratory requires can accumulate
as a reproducible record rather than as tacit institutional
knowledge.

Whether the field will converge on a common orchestration
standard remains to be seen. OpenClaw represents one
emerging approach that provides an open agent runtime for
coordinating tools, tasks, and multi-step workflows. Biomni
generates and executes code that interfaces with laboratory
automation through PyLabRobot.'* These approaches may
prove complementary, but standardization may face practical
barriers. Laboratory instruments from different manufacturers
may have proprietary or incompatible control interfaces, while
biological experimentation adds context-dependent variability
and failure modes beyond those encountered in more con-
strained automated domains. Historically in genomics, conver-
gence may coordinate incentives through community standards,
such as consortia and funder policies. In the interim, the case for
open orchestration frameworks may rest less on the maturity of
any particular implementation than on a broader principle: as
autonomous experimentation becomes more capable, inspect-
able and reproducible orchestration will become increasingly
important for scientific transparency.

RISKS AND CHALLENGES

Hallucinations

LLMs, including those underlying current agentic scientific
systems, are susceptible to hallucinations (Figure 3): they
can generate plausible claims or citations that have no basis
in reality.®"°® When Al-generated hypotheses are used to
design wet-lab experiments, such errors could result in wasted
reagents, unnecessary animal use, and lost research time and
expenses. Many multi-agent architectures, including tourna-
ment-style self-critique frameworks such as Co-Scientist,
may create an illusion of consensus. If multiple “critic” agents
are instances of the same underlying model operating under
similar prompts, apparent agreement may simply reflect shared
biases or blind spots, rather than truly independent evaluation.
Agreement among Al agents should not be interpreted as
evidence of correctness. Grounding hypotheses in retrieved,
verifiable sources and requiring explicit citation of primary
evidence can reduce, though not eliminate, the rate at which
unsupported claims enter the experimental pipeline. Experi-
mental validation remains essential and cannot be substituted
by model self-assessment. Biomni’s use of executable code
may reduce some types of hallucination, by allowing code er-
rors to be identified during execution and by deriving results
directly from database queries and computational analyses,
rather than from text generation alone. However, this potentially
introduces a different class of error: a workflow may execute
successfully while remaining scientifically inappropriate, or an
agent may select an incorrect statistical test, apply a method
outside its intended context, or misinterpret the output of an
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Figure 3. Risks and proposed safeguards of agentic Al across the scientific discovery cycle

analytical tool. Successful execution of code still does not guar-
antee scientifically sound conclusions.

At the same time, these limitations are not unique to Al. Human
scientists are likewise susceptible to cognitive biases, including
confirmation bias, groupthink, publication incentives, and ortho-
doxies within disciplines that can shape how evidence is inter-
preted. Scientific progress has never relied on the infallibility of
individual investigators, but rather on the self-correcting capa-
bility of the scientific enterprise. Independent replication, peer
review, open debate, and competition among research groups
are mechanisms through which erroneous conclusions can be
identified and corrected over time. As autonomous Al systems
become increasingly integrated into scientific discovery, Al-
generated hypotheses should be viewed as starting points for
rigorous empirical testing instead of substitutes for experimental
evidence.

Gap between biological knowledge and reality

A challenge that is distinct from hallucination is the fundamental
incompleteness and context-dependence of biological knowl-
edge itself. Even when a model generates claims faithfully
grounded in the literature without fabrication, those claims may
not hold in the experimental context in which a hypothesis is
tested. A gene’s function may differ drastically across cell types,
organisms, or disease states, and a model that synthesizes
findings across various contexts may produce a hypothesis
that is well supported by published evidence but empirically
irrelevant in a specific tested setting. Biological systems often
resist the simplified pathway representations used to describe
them (such as feedback loops, compensatory mechanisms,
and redundancy), and even an accurate synthesis of available
knowledge may inaccurately predict how a system will respond

to perturbation. Fidelity to the scientific record is not equivalent
to fidelity to biological reality, which is much more complex. In-
ternal consistency and accurate citation are necessary but insuf-
ficient conditions for a hypothesis to be biologically correct.

Evaluation

The metrics by which earlier biomedical Al was assessed—
sensitivity, specificity, area under the receiver operating charac-
teristic (ROC) curve—were inherited from classification tasks
with well-defined “ground truth,” in which each prediction can
be compared against a known correct answer, such as an expert
clinician’s diagnosis, a pathologist’s read, or a verified clinical
outcome.®>*® For scientific agentic Al, the “ground truth” must
be established through the very experiments that the hypothesis
motivates. This is a conceptual difference between Al for diag-
nosis versus Al for discovery. Diagnostic Al is fundamentally a
prediction problem with known labels, whereas scientific Al is
a hypothesis-generation problem in which the correctness of
the claims is initially unknowable. Before experimental testing,
researchers must rely on proxy indicators of quality—such as
novelty, biological plausibility, and experimental tractability —to
prioritize hypotheses for validation.

Existing benchmarks for biomedical Al agents fall into two cat-
egories. The first evaluates analytical competence: the ability to
execute well-defined computational tasks such as querying
biological databases, reasoning over sequences, or prioritizing
genetic variants, where each question has a known correct
answer. BixBench,®° for example, assesses LLM-based agents
on bioinformatics-analysis tasks with real data, and Biomni-
Eval1 extends this approach to 433 queries across 10 biomed-
ical task types with direct comparisons to human expert perfor-
mance. These benchmarks are the most systematic evaluation
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frameworks for biomedical agents to date, but they test whether
an agent can solve a given problem correctly, not necessarily
whether it can decide what problems to solve. The second
category would be evaluation of hypothesis generation and
experimental design, and this has not yet been thoroughly
benchmarked. No existing framework systematically assesses
whether an agent can generate a novel hypothesis with scientific
promise.

A third frontier would be evaluating the full closed-loop discov-
ery cycle. In closed-loop robotic laboratories, the unit of evalua-
tion would be the complete autonomous cycle: hypothesis
generation, experimental planning, robotic execution, assay
quality control, data analysis, the decision to continue or stop,
and subsequent hypothesis revision. Minimum reporting should
include the number of autonomous cycles, the number of exper-
iments attempted and successfully executed, the number of
instrument or protocol failures, the number of human interven-
tions, and the extent to which each next experiment depended
on prior results. These metrics would make it possible to distin-
guish a genuinely autonomous discovery trajectory from a con-
ventional wet-lab study assisted by Al at isolated points.

As an initial step toward greater comparability and transpar-
ency, we propose that published studies adopt a minimum re-
porting standard that includes the total number of hypotheses
generated, the number prioritized for experimental testing, and
the number ultimately validated. The standard should also
require that the full hypothesis pool and the system’s original
ranking be disclosed prior to human selection, so that the contri-
bution of autonomous prioritization can be distinguished from
human curation. Consistent reporting will enable the scientific
community to begin estimating the precision and yield of Al-as-
sisted hypothesis generation.

Reproducibility
Co-Scientist'” was published without publicly released source
code, preventing independent investigators from reproducing its
reported behavior, probing failure modes, or determining how
much of its performance derives from the underlying foundation
model versus the proposed multi-agent reasoning architecture.
The authors provided pseudocode (plain-language description
ofanalgorithm’s logic, written in human-readable form that resem-
bles code, instead of in programming language syntax) and sys-
tem prompts as supplementary material, but stated that full source
code release is precluded by the system’s integration with propri-
etary infrastructure. Google DeepMind has since made the Co-
Scientist system available to individual researchers through Hy-
pothesis Generation, a Google-hosted tool accessed via a gated
interest form. For Robin,'® the orchestration code and underlying
literature-search framework were released as open source; the
hosted deployment of these agents is now operated by Edison
Scientific, FutureHouse’s commercial spinout. The released com-
ponents can be run independently, and reconstructing the full
pipeline as described in the paper depends on those hosted ser-
vices. Biomni was released as open source, including its environ-
ment (Biomni-E1), agent architecture (Biomni-A1), and reinforce-
ment learning (RL)-trained models (Biomni-R0)."*

If agentic scientific systems are to be evaluated with the same
rigor expected of other research tools, we believe that publica-
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tions should be required to provide sufficient methodological
detail (such as prompts, agent architectures, and model ver-
sions) to enable their central claims to be independently evalu-
ated. In experimental biology, a publication is required to provide
sufficient methodological detail (including reagents, protocols,
and analysis methods such as code) to enable independent
replication. Comparable standards need to be set for agentic
Al. This requirement extends naturally to the orchestration layer
that drives autonomous laboratories. When an OpenClaw-like
operating system schedules and executes physical experi-
ments, reproducibility depends on disclosing not only prompts
and model versions but also the instrument calls, parameters,
error recovery, and decision logs that produced the reported
results. Open, inspectable orchestration frameworks are advan-
tageous here precisely because they allow an independent
group to replay the agent’s execution trace against the same
or equivalent hardware. The senescence study® is evidence
that its closed-loop procedure can be inspected and repeated
in this manner. We recognize that full code release may be
impractical for systems deeply integrated with proprietary infra-
structure and that an absolutist requirement could discourage
industry labs from publishing in scientific journals altogether.
The appropriate standard may therefore need to be tiered,
requiring enough transparency for independent evaluation of
central claims even when full reproducibility is not achievable.
We believe that the reasoning process, not just the answer, is
central to every scientific publication. If key scientific contribu-
tions of these systems lie in how they reason, rather than simply
what they predict, then transparency should extend beyond the
final outputs to the reasoning framework itself.

Bias amplification and the narrowing of scientific
breadth
Agentic scientific systems are trained on existing biomedical
literature and will inherit its strengths, as well as its limitations.
They may be more likely to generate hypotheses centered on
well-studied genes, pathways, and diseases than on poorly
characterized biology with fewer published evidence. They
may also inherit systematic imbalances within the scientific liter-
ature itself. For example, a known source of bias in biomedical
research is publication bias, which is the tendency for positive
results to be published more readily than negative or null re-
sults.”””" Models trained on this literature may inadvertently
reinforce these patterns, giving disproportionate weight to
well-trodden paths while overlooking underexplored directions.
If many research groups deploy similar agentic systems
trained on similar overlapping literature and datasets, there is a
risk that scientific exploration would become concentrated
within similar regions of biological hypothesis space. Rather
than independently generating diverse lines of inquiry, some
worry that there is the risk that researchers may increasingly
prioritize similar genes, pathways, and mechanisms, while
reinforcing existing scientific attention rather than broadening
it. Whether this will occur in practice remains to be seen. But
some of the most transformative scientific advances have
emerged from serendipitous or unexpected observations or un-
conventional hypotheses that lie outside of the prevailing para-
digms.”? Historically, the most impactful ideas were often initially
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regarded as implausible, precisely because they conflicted with
existing scientific consensus.

Dual use

Agentic scientific systems capable of autonomously generating
biological hypotheses, proposing mechanistic pathways, and
designing experiments inevitably raise concerns about use
and misuse. These same capabilities to accelerate beneficial
biomedical discovery could theoretically be used to advance
harmful biological research. It is, therefore, important for gover-
nance to evolve alongside technical capability.”® Robin utilizes
commercially available, “off-the-shelf” LLMs that have already
undergone extensive safety alignment.’® These models have
been subjected to red-teaming (in which experts deliberately
attempt to elicit unsafe or harmful responses), as well as RL
from human feedback (RLHF), which is a training process that
encourages helpful behavior while discouraging the generation
of potentially dangerous content. By relying on these safety-
aligned foundation models, rather than unrestricted custom
language models, Robin inherits a layer of existing biosafety
safeguards.’® Agentic systems capable of protocol generation
and automated analysis could lower barriers to misuse; Biomni’s
capability in cloning protocol generation'® may increase the
accessibility of customized genetic manipulation.

Traditional dual-use risks in biotechnology have been con-
strained by an expertise barrier: the tacit knowledge required
to design and execute dangerous experiments was acquired
through years of specialized training and embedded within insti-
tutional cultures of responsibility. Biological agentic Al systems
may produce harmful or operationally relevant outputs in a
much higher percentage of misuse-relevant biological prompts
as compared to standalone versions of the same underlying
models.”* The agent’s planner may break a harmful request
into individually permissible-appearing subtasks that individu-
ally pass the base model’s safety checks. Agentic LLMs can
outperform the median human expert (with doctoral-level
training) on tasks such as DNA fragment design and writing
scripts to operate liquid-handling robots for DNA assembly.”®
In wet-lab validation, scripts generated by an OpenAl 04-mini-
high agent successfully assembled DNA on a laboratory robot,
confirmed by whole-plasmid sequencing.’® These findings mark
a shift from an earlier red-team study’® that found no statistically
significant uplift from 2023-era LLMs for biological attack plan-
ning. There is fear that the newer models may be changing this
risk profile and that the architectural features of the agentic par-
adigms are systemically lowering the expertise barrier for
misuse through task decomposition, tool integration, and itera-
tive planning. As these models become increasingly powerful,
questions of who can access them, with what scientific direc-
tions and oversight, will be as important as questions of model
performance. We propose that the biomedical community
adopt governance frameworks modeled on existing dual-use
precedents in synthetic biology, which include institutional re-
view for hypothesis-generation in high-consequence areas
such as pathogen-related research, and audit trails for sys-
tem-generated proposals in high-risk areas, similar to screening
frameworks that DNA synthesis providers already apply to syn-
thetic nucleic acid orders.”
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Cognitive offloading and selective deskilling

As Al agents assume a greater share of literature synthesis, hy-
pothesis generation, experimental design, and data interpreta-
tion, there is concern that this may influence the expertise of
the scientists that utilize them. Cognitive offloading itself is not
inherently problematic, since scientific progress has usually
benefited from tools that reduce the cognitive and technical
burden. The bigger concern is selective deskilling or “never-skil-
ling””": if scientists increasingly delegate the processes through
which mechanistic intuition and judgment are developed, their
own skills in these may erode. This risk is particularly relevant
for trainees, whose struggles with literature, data, and failed
experiments are often precisely how scientific intuition and judg-
ment are forged. A future challenge in education will be deter-
mining which cognitive tasks can be safely offloaded and which
should be deliberately effortful. After all, in scientific training as in
other creative pursuits—the struggle is the point.”®

OUTLOOK

We believe scientific agentic Al is developing to be a powerful
extension of human scientific judgment, instead of as the
replacement of human creativity. The Co-Scientist, Robin, and
Biomni publications do not show that these systems possess
scientific judgment in the fullest sense: the ability to weigh
competing priorities, recognize limitations of available evidence,
take responsibility for consequences of a line of inquiry, or to
recognize when a statistically compelling result has not yet
achieved scientific confidence.'®'® What they do demonstrate
is an ability to compress the cycle between research question
and a testable hypothesis and execute complex analytical work-
flows between the experimental result and its provisional inter-
pretation, in ways that potentially accelerate the iterative cycle
on which scientific discovery has always depended. Current Al
agents do not yet have the scientific intuition or intellectual
courage to take the data into unexpected directions, including
abandoning the original question entirely’® or making abductive
“jumps.”*? Systems built primarily to reason through the synthe-
sis of existing knowledge may be better suited to interpolation
within established conceptual frameworks than to recognize
when those frameworks should be abandoned or reformulated.
Many transformative advances in science have resulted from
treating an anomalous result as evidence that the underlying
model may be wrong to begin with. It remains unknown whether
advances in agentic Al will enable systems to recognize when an
experiment’s most important implications lie outside the ques-
tion it was originally designed to answer.

The most powerful scientific systems of the coming decades
are unlikely to consist of humans or machines operating inde-
pendently, but instead of collaborative ecosystems in which
each contributes complementary strengths. Al offers generative
capacity: the ability to explore a hypothesis space larger than
any individual investigator could survey and compress the cycle
time from question to experimentally testable idea. Human sci-
entists will continue to supply the judgment on which questions
matter, the ethical values that constrain how these questions
can be pursued, and the heavy weight of accountability that
none of these Al systems are designed to bear. Realizing this
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complementary relationship will also require deliberate invest-
ment in training scientists to use, interrogate, and supervise
these systems, so that human oversight remains substantive
rather than nominal as the tools grow more capable.

In summary, this perspective traced the history from super-
vised classifiers®*®° to AlphaFold’s generative leap,'®?" and
now to three distinct agentic paradigms: multi-agent tournament
systems (Co-Scientist), multi-agent systems with autonomous
data analysis (Robin), and a general-purpose agent operating
through an integrated code-execution environment (Biomni).
This history reflects an outward expansion of the role of Al
from recognizing patterns, to predicting biological structure, to
generating and evaluating hypotheses within broadly defined
scientific problems. Each advance has built upon those that pre-
ceded it: today’s hypothesis-generating agents draw upon a sci-
entific ecosystem made possible by advances such as
AlphaFold, and AlphaFold itself was enabled by decades of crys-
tallographic data that earlier classifiers helped to process and
annotate. The next stage, whatever form the autonomous labo-
ratory ultimately takes,*>>® will likewise build upon the agentic
reasoning systems emerging today. That next stage is already
coming to view. The pace at which such systems become
routine may depend on the emergence of open, standardized in-
terfaces between reasoning agents and laboratory automation,
to enable interoperability, reproducibility, and rapid iteration
across experimental platforms. Ensuring that these technologies
advance science responsibly will require more than improve-
ments in model capability. It will require thoughtful choices about
evaluation, reproducibility, governance, and preservation of sci-
entific diversity, to ensure that increasingly capable Al will
broaden the creativity, rigor, and accessibility of biomedical
research.

In the future, the wide adaptation of agentic Al may change
which skills determine scientific success. As literature synthesis,
coding, data analysis, and even hypothesis generation become
increasingly automated, proficiency in these tasks may become
less differentiating. Instead, advantage may shift toward scien-
tists who can effectively direct and collaborate with Al systems:
asking productive questions, interrogating outputs, and recog-
nizing hallucinations and subtle errors. We believe that the ability
to work effectively with Al may itself become a core scientific
competency, and increasing automation can make deep human
expertise even more valuable. As the generation of plausible hy-
potheses becomes increasingly accessible and inexpensive, the
limiting resource will shift from producing ideas to judging and
testing them. The human intuition to recognize the value of an
unexpected observation will be even more important. The scien-
tists who thrive in our agentic era will not be the ones who dele-
gate the most tasks to Al but the ones who know best when to
trust or distrust it.
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GLOSSARY

Agent: A software system that can perceive inputs, reason about them, and take actions to
achieve a goal, often by calling external tools, querying databases, or executing code. Unlike a
conventional model that produces a single output, an agent interacts with its environment
iteratively.

Benchmark: A standardized set of tasks or datasets used to evaluate and compare the
performance of Al systems against each other or against human experts.

Closed-loop system: A system in which the output of one stage feeds back as input to the
next, enabling iterative self-correction. In the autonomous laboratory, Al-generated hypotheses
lead to robotic experiments, whose results are analyzed and used to generate improved
hypotheses, with minimal human intervention.

Code-as-action: An agent design in which each step of a plan is expressed as executable
code, allowing the agent to interact with tools and databases programmatically and compose
workflows dynamically without predefined templates.

Convolutional neural network (CNN): A neural network architecture designed to process grid-
structured data such as images, extracting spatial features like edges and textures through
learned filters.

Deep learning: A branch of machine learning that uses multi-layered neural networks to learn
hierarchical patterns from data, enabling tasks such as image recognition and language
processing.

Drug repurposing: The identification of new therapeutic uses for existing, already-approved
drugs, leveraging established safety profiles to accelerate clinical translation.

Dual-use: Technologies or research that can be applied for both beneficial and harmful
purposes. In biology, dual-use research of concern involves knowledge, tools, or techniques that
could be misapplied to cause harm (e.g., engineering pathogens).

Elo-based ranking: A method for ranking competitors from pairwise comparisons, originally
developed to rank chess players; applied here to rank competing hypotheses by their
performance in head-to-head evaluations.

Forward pass: A single pass of input data through a neural network to produce an output,
without iterative refinement or self-correction.

Foundation model: A large model trained on broad, diverse data (often via self-supervised
learning) that can be adapted to many downstream tasks with minimal task-specific training.

Generative Al: Al systems that produce new content (such as text, images, molecular
structures, protein designs) instead of only classifying or labeling existing data.

Ground truth: A known correct answer against which a model's predictions can be compared.
In diagnostic Al, ground truth is established by expert labels; in scientific discovery, it must be
established through the very experiments the hypothesis motivates.



Hallucination: The generation of plausible-sounding but factually incorrect or fabricated content
by an Al model — including nonexistent citations, false factual claims, or erroneous data —
presented with the appearance of authority.

Inference: The process of using a trained model to generate outputs for new, unseen inputs.

Large language model (LLM): A type of foundation model trained on large quantities of text to
predict and generate human language; underlies systems such as GPT, Claude, and Gemini.

Monte Carlo Tree Search: A search algorithm that evaluates possible actions by building a
decision tree through many random simulations, used in game-playing Al such as AlphaGo to
search through vast possibility spaces.

Multi-agent system: An Al architecture in which multiple specialized agents, each assigned
distinct functional roles (e.g., generating, critiquing, ranking, or analyzing), collaborate or
compete to solve a problem.

Multi-modal Al: Al systems that integrate and reason across multiple data types simultaneously
(e.g., text, images, genomic sequences, structured databases).

Open source: Software whose source code is made publicly available for anyone to inspect,
modify, and redistribute, enabling independent verification and community contribution.

Orchestration layer: A software layer that coordinates communication and execution between
reasoning agents, laboratory instruments, data systems, and analysis pipelines, enabling end-
to-end automation of experimental workflows.

Parameters: The internal numerical values within a model that store what it has learned during
training; larger models have more parameters and typically greater capacity.

Protein language model: A model trained on large collections of protein sequences (analogous
to how LLMs are trained on text) that learns to represent and predict structural and functional
properties of proteins.

Publication bias: The tendency for studies with positive or statistically significant results to be
published more readily than those with negative or null findings, distorting the published
evidence base.

QSAR models: Computational models that predict the biological activity or properties of a
molecule from its chemical structure, widely used in drug discovery to screen candidate
compounds.

Red-teaming: A safety evaluation practice in which experts deliberately attempt to elicit unsafe,
harmful, or unintended responses from an Al system to identify and address vulnerabilities
before deployment.

Reinforcement learning (RL): A machine learning paradigm in which an agent learns by trial
and error, receiving rewards or penalties for its actions, to maximize cumulative reward over
time.



Retrieval-augmented planning: A planning strategy in which an agent recalls past experiences
or references external data to inform its decisions, rather than relying solely on knowledge
encoded during pre-training.

Scaling laws: The empirical observation that Al system performance improves in predictable
ways as models are trained on more data, with more computing power, and with more
parameters.

Scientific reasoning: The iterative cognitive process of formulating hypotheses, designing
experiments to test them, interpreting evidence, and refining understanding. This is the process
that agentic Al systems now begin to approximate, rather than merely performing fixed
prediction tasks

Senescence: A state in which cells permanently stop dividing but remain metabolically active,
contributing to aging and age-related disease. Senomorphic interventions modify the harmful
secretions of senescent cells without killing them.

Supervised learning: A machine learning paradigm in which a model is trained on labeled
examples (known input-output pairs) to learn a mapping from inputs to desired outputs.

Test-time compute: The computational effort a model expends while solving a specific problem
after training, such as exploring alternatives, evaluating evidence, and refining potential
solutions before committing to an answer.

Token: The basic unit of text that a language model processes, such as a word, part of a word,
or a punctuation mark.

Tournament-style self-critique: An architecture in which multiple Al agents generate candidate
hypotheses and then compete in pairwise contests, with a judge agent ranking them, to
iteratively refine and select the most promising proposals.

Training-time compute: The computational resources used to build and train a model before it
is deployed.

Transformer: A neural network architecture that processes all elements of an input
simultaneously (rather than sequentially), enabling efficient modeling of long-range
dependencies in sequences.

Variant caller: A computational tool that identifies genetic variants (e.g., differences between a
sample's genome and a reference genome) from DNA sequencing data.
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