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Abstract

AI scientists generate hypotheses, propose experiments, and analyze datasets, and several have
produced findings that were confirmed in the laboratory. Although they are opening a path to
autonomous discovery, the loop from hypothesis to experiment to revised hypothesis is still often
anecdotal. Here, we consider how that loop could be closed to enable AI-driven biomedical discovery.
Closing the loop requires AI scientists that reason over biomedical knowledge and data across horizons
of days to months. It also requires verifying hypotheses with computational tools and experiments
in biological laboratories and clinical environments. Agentic and reasoning methods need to learn
over time from sparse, delayed, and noisy feedback that verifiers return. In mathematics and program
search, where candidate solutions can be verified at negligible cost and often as soon as they are
generated, methods that generate and score large numbers of candidates have improved bounds
on problems that had been open for decades. In biomedical sciences, comparable progress requires
closing the loop where each test is slow, costly, and partially informative. Closed-loop AI-driven
biomedical discovery can enable a mode of research in which AI continuously reviews hypotheses
against accumulating experimental results. Scientists choose which experiments to pursue, and AI
maintains a record that links each result to the hypothesis that produced it.

Keywords: AI scientists; autonomous scientific discovery; closed-loop discovery; biomedical discovery;
agentic AI; scientific reasoning; experimental verification; reinforcement learning

Introduction
Autonomous discovery is a mode of research in which AI takes on hypothesis generation, experi-

mental design, and data interpretation alongside scientists directing the work (Figure 1). Systems that
operate in this way are increasingly referred to as AI scientists: agentic systems that proceed through
many steps of reasoning interleaved with analysis of multimodal data to complete a research objective.
Closed-loop AI scientists go further by running research cycles that proceed through generating hy-
potheses, selecting experiments or computational tools to test them, interpreting the resulting evidence,
and using that evidence to determine subsequent actions [1,2]. Recent AI scientists have advanced
from executing fixed computational workflows to performing complex, open-ended analyses. Chem-
Crow, for example, answers chemistry questions by calling tools rather than by recalling facts from
LLM parameters [3], data-to-paper takes a dataset through analysis to a manuscript whose claims are
traceable to the code that produced them [4], and Kosmos generates and ranks mechanistic hypotheses
that are then sent to a laboratory to test them [5]. AI-generated scientific outputs have also undergone
experimental validation, with laboratory results supporting several of them. Coscientist wrote and
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executed protocols for palladium-catalyzed cross-coupling reactions on a robotic platform [6], and the
A-Lab, a closed-loop autonomous laboratory, produced previously unreported inorganic compounds
within weeks [7]. In biomedicine, Google’s Co-Scientist proposed mechanistic accounts of antimicro-
bial resistance and candidate treatments for liver fibrosis that collaborating laboratories confirmed
experimentally [8], Robin generated candidate therapeutics that its authors evaluated in cell-based
assays [9], and PROTON generated neurological hypotheses that molecular, organoid, and clinical
experiments then supported [10].
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Figure 1. Closing the loop in AI-driven biomedical discovery. A campaign advances from a disease observation
to a validated mechanism through repeated loops. In each loop, the AI scientist forms or revises a hypothesis,
selects an experiment or computational query to test it, and interprets the resulting evidence. The verifier returns
a computational result or experimental measurement, from which evidence is derived and used to update the
belief over competing hypotheses. Loop size indicates the time and cost of one loop, and the colored segment
indicates the type of verifier queried and the time required to obtain its output. A scientist reviews actions whose
cost or risk warrants oversight. As evidence accumulates, beliefs are revised, hypotheses may be discarded or
newly formed, and the hypothesis favored early in the campaign need not be the one ultimately supported.

Fields such as mathematics and program search have closed the loop, since AI scientists can
generate many candidate solutions and test them with verifiers that evaluate correctness exactly,
typically at negligible cost. For example, a proof assistant checks a candidate proof and a coding agent
can execute a candidate program against a suite of test cases, at a cost far below that of generating it.
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Models can exploit this by generating and scoring a large number of candidates, which is how formal
theorem proving solved Olympiad problems in mathematics [11–13], how reasoning models trained
against verifiable rewards acquired their capabilities [14,15], and how evolutionary program search
improved bounds on long-open combinatorial problems and produced faster kernels that now run
in production [16,17]. Closing the loop in these domains depends on the reliability of verifiers. A
proof checker or a test suite returns an exact answer, whereas learned judge models evaluate candidate
solutions approximately.

In biomedical discovery, however, establishing the mechanism behind a hypothesis generated
by an AI scientist requires evidence from several verifiers, and the result from any single verifier
captures only one state of the relevant biological system. An AI scientist needs to reconstruct the
full state across loops of molecular, cellular, and clinical experiments, each of which reports on a
different aspect of the same mechanism [18–21] (Figure 1). In a single loop, an AI scientist can generate
thousands of candidates, of which a laboratory tests only a handful, meaning that the allocation of
budget to hypothesis verifiers restricts discovery as much as the quality of generated hypotheses [22].
A perturbation assay can require days of execution and return a noisy readout from one point in a large
intervention space, and clinical validation can extend over years at a cost that constrains how many
hypotheses a campaign can test [6,10]. A campaign can also run for weeks to months, and a negative
result obtained in an early loop can remain the constraint that excludes a hypothesis considered much
later, after the reasoning that produced it has been superseded. An AI scientist operating under these
conditions has to determine which hypotheses warrant evaluation in a laboratory and which verifier
to query and at what fidelity and stage of each loop.

In this Review, we examine autonomous AI scientists that could close this loop in biomedical
discovery, and we treat verification as the problem on which closing the loop depends. Each loop of a
campaign is closed when a verifier returns a computational result or experimental measurement to test
the hypotheses produced by the AI scientist. The AI scientist uses this evidence to update its beliefs,
which in turn guide the actions selected in the next loop (Figure 1). Verifiers can be computational or
experimental, and the AI scientist must decide which source to query for each output and whether the
returned evidence is sufficient to act. Over a campaign that may run for weeks or months, verification
repeatedly determines when the AI scientist can update its hypotheses and whether it has enough
evidence to proceed. Autonomous biomedical discovery will advance as verification matches the
rate at which AI scientists generate hypotheses so that a campaign carries each hypothesis to the
experiment that tests it and back to a revised hypothesis.

Overview of Closed-Loop AI Systems
A closed-loop AI scientist (Box 1) operates autonomously on an open-ended scientific question,

one for which the set of candidate explanations is not specified in advance. In each loop it formulates
hypotheses, designs and executes experiments, analyzes the resulting measurements to obtain evidence,
interprets that evidence, and updates its belief over hypotheses to develop an increasingly explanatory
and predictive account of the biological system under study.

Each loop produces a hypothesis, the experiment or computational query selected to test it, the
protocol that implements that selection and, once the verifier output is available, an interpretation
of that evidence and an updated belief over the competing hypotheses that conditions the next loop.
We refer to these collectively as AI outputs. Computational results and experimental measurements
returned by verifiers are the external inputs to the loop, and the evidence used for belief revision is
derived from those outputs. Here we outline the components that a closed-loop AI scientist requires
and the contribution each makes to the loop.

Reasoning models. The reasoning model generates scientific inferences and candidate actions from
the history accumulated across loops. Together with the harness, it determines the next reasoning
or experimental action. It maintains a representation of that history in its context and in external
memory [23], including available evidence, competing hypotheses, uncertainty, prior actions, and
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experimental constraints. It integrates heterogeneous sources of information, generates and revises
testable hypotheses, derives predictions, and selects the next action expected to be most informative. It
must also interpret positive, null, and failed experimental results to adjust the posterior probability
of its hypotheses. Reasoning models are at present implemented as LLMs. An LLM inherits the
distribution of the corpus it was pretrained on, and because the published literature overrepresents
positive findings, an LLM trained on it acquires the same disposition [24–26].

Computational actions. These actions acquire or generate evidence in silico before the AI scientist
commits resources to physical experiments. They include querying scientific databases and searching
the literature; running mechanistic or data-driven simulations; evaluating surrogate predictive models;
querying a world model, which represents a biological system closely enough to predict how it
responds to an intervention before that intervention is performed [27,28]; estimating counterfactual
outcomes; and comparing candidate experimental designs. A computational action functions as a soft
verifier when it assesses an AI output specified before the query.

Experimental actions. Experimental actions physically intervene on the biological system under
study to generate new measurements. They include selecting perturbations, biological contexts, mea-
surements, controls, doses, and time points, as well as executing experiments through self-driving
laboratories or human collaborators. Effective action selection should account not only for the probabil-
ity of obtaining a desired result but also for an experiment’s ability to discriminate among competing
hypotheses, reduce uncertainty, and advance the scientific objective under cost, time, and safety
constraints. Because laboratory throughput limits how many candidates can be tested, AI scientists
can evaluate candidates in batches using multiplexed screens and pooled perturbation assays [29,30].
Whether conducted individually or in a batch, an experiment serves as an experimental verifier by
generating measurements from a prospectively specified test of a hypothesis or prediction.

Verifier outputs and evidence. A verifier returns either a computational result or an experimental
measurement from a prospectively specified test of a hypothesis, prediction, or proposed action.
Computational and experimental verifiers differ in their cost, latency, reliability, and how directly they
interrogate the biological system. Their outputs are analyzed to determine what evidence they provide
for or against the competing hypotheses. The AI scientist selects which verifier to query by weighing
these properties and its expected informativeness, then updates its belief over hypotheses according to
the resulting evidence. That revised belief conditions the action selected in the next loop.

AI scientist harness. The agentic harness includes skills and prompts that determine how actions
are orchestrated and how the history is updated [31,32]. Importantly, the harness provides guidance
on the policy over actions based on the current history. For example, it can encourage actions with
little immediate return that can still be worth taking, such as establishing a cell line or collecting the
measurements that calibrate a surrogate model to prioritize which experiments later loops run. Here
maximizing the expected gain at the current loop alone forgoes the value that accrues over a campaign.
A stochastic policy can also serve a campaign better than a deterministic one, since sampling among
comparably informative experiments keeps several mechanistic accounts under test and guards against
diversity collapse, in which the hypotheses a loop generates narrow to the band its current criterion
rewards [33]. Sequential Bayesian experimental design supplies criteria for choosing among candidate
actions under a budget [34–36].

Improving AI scientists. This can be achieved by building better components, such as reasoning
models and world models, or by better orchestration of those components, which are improvements
to the agentic harness [33]. AI scientists can also evolve at deployment time and improve their own
harness [37]. Determining where AI scientists can be improved requires inspecting the discovery
trajectory and the sequence of intermediate steps connecting the measurements consulted to the
hypothesis proposed/the experiment selected. These discovery trajectories serve a second role as
training data, which we take up in the next section.
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Human and AI co-science. Current AI scientists operate under human-in-the-loop oversight [2,38–
41], and a scientist reviews each transition before the AI scientist proceeds. Scientists select which
hypothesis to pursue, design the assay, judge whether a readout supports or refutes the hypothesis,
and decide what to measure next. Closing the loop moves parts of a campaign to human-on-the-loop
discovery [42,43], in which the AI scientist carries the campaign from one transition to the next while
scientists audit AI outputs and gate the actions that warrant review. Such an operational model is
possible when the action space is fixed, so that the campaign tests hypotheses over a small set of
predefined variables rather than deciding which question to investigate. Oversight then scales with
the cost and risk of the action. A retrieval query or a computational model evaluation can proceed
without review, whereas an experiment that consumes scarce material or raises a biosafety concern
cannot proceed until a scientist approves it [38].

Box 1 | Key definitions

Trace. A reasoning trace is a sequence of tokens consisting of explicit intermediate reasoning
steps followed by a final decision, answer, or conclusion. We define a reasoning trace ρ as

ρ = (k1, k2, . . . , kN , o1, o2, . . . , oL),

where {kn}N
n=1 are reasoning tokens corresponding to intermediate reasoning logic and {ol}L

l=1
are final output tokens describing the final conclusion.

Trajectory. Let ht = (s0:t, a0:t−1) denote the history available at step t, where st denotes the
observations received at step t and at denotes the action selected at step t by the AI scientist, and
ρt denotes the reasoning trace associated with that action. Observations may span modalities
st = {x(m)

t : m ∈ Mt}, such as text, sequences, molecular structures, or perturbation responses,
from which the AI scientist infers the latent biological state zt. It separately maintains a set of
competing hypotheses Ht and a belief bt over those hypotheses, where

bt(H) ≥ 0, ∑
H∈Ht

bt(H) = 1.

A new verifier observation st+1 provides evidence that can revise the belief over existing hypothe-
ses and motivate hypotheses to be generated, revised, or discarded, yielding

(Ht, bt)
st+1−−→ (Ht+1, bt+1).

We define a trajectory τ as
τ = (s0, a0, s1, . . . , aT−1, sT).

Loop. One pass of the discovery process, in which the AI scientist forms or revises a hypothesis,
selects and executes an action at, observes st+1, and updates its belief over the competing
hypotheses. A loop closes when a verifier returns an observation from which evidence is derived
for the tested hypothesis.

Campaign. A series of loops directed at one scientific objective. A campaign seeks to maximize
scientific utility across the discovery trajectory while allocating a limited verification budget over
the sequence of actions. Campaigns can run for weeks to months, so evidence from an early
loop can constrain a hypothesis formed much later, and the verification budget must be allocated
across the series rather than loop by loop.

AI scientist. An AI scientist comprises the reasoning model, the harness that orchestrates it, the
computational and experimental actions available to it, and the verifiers that supply external
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observations from which evidence is derived. Together, the reasoning model and harness induce
the AI scientist’s policy over scientific actions,

Π(at | ht).

Reasoning model. The reasoning model generates scientific inferences and candidate actions
from the history ht. At present, this component is instantiated by an LLM parameterized by θ,
which defines a distribution πθ over token sequences. We use LLM to refer to properties of the
underlying model, such as its parameters and pretraining corpus, and reasoning model to refer to
the role that model plays in scientific reasoning and action generation within the discovery loop.
The reasoning model is optimized or evaluated over the resulting discovery trajectory, rather
than only on the accuracy of a single prediction.

Harness. The harness is the scaffolding around the reasoning model. It comprises skills, prompts,
and orchestration logic that determine which actions are available and how ht is maintained. It is
revised at deployment rather than by gradient updates to θ.

Soft verifier. A soft verifier evaluates an AI scientist’s output computationally, returning the next
observation

st+1 ∼ ps(st+1 | at).

Predictive models and simulations can approximate experimental outcomes, whereas retrieval
systems and learned judges assess consistency with existing evidence or specified criteria. These
assessments provide scalable feedback, but they can be noisy, biased, poorly calibrated, or
exploitable when used to construct rewards.

Hard verifier. A hard verifier queries the physical or prospective environment through an
intervention at, producing the next observation

st+1 ∼ penv(st+1 | do(at), κ).

Here, κ denotes the experimental or clinical context. When a soft verifier serves as a surrogate for a
physical experiment, ps approximates penv. Wet-lab assays, robotic experiments, and prospective
studies provide higher-fidelity evidence than computational proxies, although their outcomes
remain noisy, context-dependent, costly, and delayed.

World model. A world model represents the dynamics and observables of the biological system
under study, for example through

pϕ(zt+1 | zt, do(at)), pϕ(st+1 | zt+1).

It supports prediction under interventions, counterfactual simulation, experiment selection, and
belief updating.

Training Reasoning Models for Closed-Loop Discovery
The reasoning model determines which hypotheses an AI scientist considers, which experiments it

selects, and how it interprets the resulting observations. These decisions require biomedical knowledge
and depend on one another across a campaign, so an error in one loop can propagate to the hypotheses
and actions selected in later loops. Training objectives must therefore account for decisions made
within individual loops and their consequences across the discovery trajectory rather than only the
accuracy of a single answer.

Training combines domain specialization with two principal post-training paradigms. Continual
pretraining adapts the LLM to scientific corpora. Supervision over reasoning traces shapes the
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intermediate steps it generates [44,45], whereas reinforcement learning (RL) optimizes generated traces
or action policies against constructed reward signals [14]. An LLM parameterized by θ defines a
distribution πθ over token sequences. Together with the harness, the reasoning model induces the
AI scientist’s policy Π(at | ht) over scientific actions. Reward design determines whether RL favors
scientifically useful properties [8,36], including whether a proposed experiment is feasible and whether
its outcome is expected to discriminate among the accounts still under consideration.

Continual pretraining (CPT) [46] specializes a general-purpose foundation model on scientific
corpora such as literature, protocols, and databases (Figure 2a). For a sequence of text tokens w =

(w1, . . . , wJ) drawn from these corpora, the objective for an LLM parameterized by θ is the standard
autoregressive log-likelihood,

max
θ

J

∑
j=1

log πθ(wj | w<j).

Optimizing this objective adapts the LLM to domain-specific terminology, concepts, and statistical
associations. It does not directly supervise how the LLM reasons through a discovery problem. The
post-training paradigms below act on the resulting LLM to improve the reasoning traces and actions it
generates.

a
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Figure 2. Training stages for scientific reasoning. (a) Continual pretraining (CPT) adapts the LLM to scientific
knowledge by training it directly on text from relevant domain-specific literature using an autoregressive objective.
(b) Supervised finetuning (SFT) trains the LLM to produce strong intermediate reasoning steps through behavioral
cloning of expert-demonstrated, literature-derived, and synthetic reasoning traces (top). The success of SFT relies
on high-quality training demonstrations, which can be obtained by filtering only demonstrations that result in a
correct answer and/or contain a high-quality reasoning trace as determined by the scoring function (bottom). (c)
Online reinforcement learning (RL) allows for the discovery of super-demonstration reasoning behavior under
uncertainty via interactive exploration, using reward signals from evidence, interventions, and feedback.

Learning from Reasoning Traces

Reasoning traces (Box 1), sequences of generated intermediate steps that provide an explicit
rationale for a hypothesis or selected action, provide a richer training signal than final answers alone.
They supervise the generated rationale, including how the LLM decomposes a problem, integrates
evidence across sources, and reasons under uncertainty. Traces come from expert demonstrations,
reasoning steps extracted from scientific literature, and synthetic traces generated by LLMs themselves.
These sources differ in quality, ease of collection, and the risks they introduce.

Supervised finetuning (SFT) [45,47] formalizes this supervision as imitation of high-quality
demonstration traces (Figure 2b). Each entry in an SFT training dataset D consists of a prompt p
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and a target reasoning trace (Box 1) ρ = (k1, . . . , kN , o1, . . . , oL), where kn are intermediate reasoning
tokens and ol are final output tokens. For an LLM parameterized by θ, SFT maximizes the conditional
likelihood of the demonstrated trace,

max
θ

E(p,ρ)∼D [log πθ(ρ | p)].

The LLM assigns high probability to each demonstrated reasoning and output token conditioned on
the prompt and preceding tokens. In scientific settings, this encourages expert-like decomposition, evi-
dence integration, and mechanistic interpretation, with the quality of the resulting behavior depending
on the quality and coverage of the demonstrations.

Expert demonstrations drawn from established scientific workflows [2] can provide high-fidelity
supervision, capturing hypothesis refinement and the role of prior mechanistic knowledge in interpret-
ing ambiguous evidence. Curating them at the scale needed to train LLMs is prohibitive across most
domains [44,48]. Literature-grounded traces scale better, since the methods, results, and discussion
sections of a well-written paper provide a reconstructed account of how evidence was integrated
and why particular conclusions were drawn, supplying supervision over mechanistic interpretation
without additional annotation [4]. They inherit the bias of the published record described above,
which overrepresents successful experiments and underrepresents the failed hypotheses and revised
interpretations that constitute much of actual discovery.

Synthetic traces generated by distillation from stronger LLMs or by self-improvement [33,44,49]
can scale further. When an LLM is trained on AI-generated rationales filtered by outcome correct-
ness [44], it learns the reasoning patterns that correlate with correct answers in the training distribution,
which need not correspond to valid inference, along with stylistic properties of the traces that con-
tribute nothing to the inference. Such LLMs generate fluent but causally unsupported explanations, a
failure mode with particular consequences in science, where a plausible and incorrect account directs
experimental resources toward dead ends [50,51]. Overfitting to demonstration-specific artifacts can
lead to catastrophic forgetting, where the LLM loses knowledge acquired during pretraining. Re-
peated training on LLM-generated data can separately produce model collapse, in which distributional
diversity and performance on underrepresented inputs progressively degrade [52,53].

Process-based evaluation [48,54] filters traces based on the quality of the reasoning process
as well as the correctness of the final answer, retaining only those whose intermediate steps satisfy
metrics of mechanistic coherence and logical validity, thereby reducing the risk that the LLM learns
to reach correct conclusions through spurious chains of reasoning (Figure 2b). Reasoning quality
can be assessed against structured knowledge sources such as scientific knowledge graphs, or by an
LLM that grades the trace against verbally described criteria (e.g., “is the reasoning grounded in real
biological mechanisms?”) [55–57]. Both are soft verifiers applied to the reasoning process rather than to
a hypothesis, and they carry the limitations we take up in the following section. Process-based filtering
depends on a prior definition of a high-quality trace for the domain, which is often unavailable in
biomedical discovery.

Reinforcement Learning from Feedback

Supervised learning imitates the reasoning behavior demonstrated in the training set through
maximum likelihood, so it does not directly optimize the properties that make a trajectory scientifically
useful unless those properties are encoded in the selection of demonstrations. Recent comparisons
on verifiable tasks find that SFT stabilizes, expands, or replaces demonstrated behavior, whereas RL
selectively amplifies capabilities accessible to the LLM and can sometimes improve out-of-distribution
generalization [58–62].
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Demonstration traces can be obtained for self-contained tasks, such as predicting the effect of a
gene knockdown on a response gene. A discovery campaign, however, comprises a long sequence of
dependent sub-tasks (Figure 3a), represented by the discovery trajectory defined in Box 1:

τ = (s0, a0, s1, a1, . . . , aT−1, sT).

At step t, the reasoning model generates a reasoning trace ρt and proposes an action at; executing
that computational or experimental action returns the next observation st+1. For example, identifying
an intervention for a disease requires the AI scientist to select a cell line, choose an initial panel of
perturbations and a readout modality, and predict the effect of each perturbation on cell state. The AI
scientist then ranks the candidates by their predicted effect, tests the ones it retains experimentally,
and revises its beliefs in light of the resulting evidence. Although demonstration traces exist for many
individual sub-tasks, few demonstrations capture the overarching discovery trajectory or the logic by
which a verification budget is allocated across the entire campaign.
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Figure 3. Verifying outputs of AI scientists. (a) Long-horizon scientific discovery trajectories comprise multiple
dependent sub-tasks, making complete high-quality demonstrations difficult to obtain for SFT and credit assign-
ment challenging when collected trajectories are used for RL. (b) Soft verifiers provide scalable computational
verification through simulations, predictive surrogates, retrieval systems, and learned evaluators. (c) Hard
verifiers return experimental observations through wet-lab assays, multiplexed screens, prospective studies, and
clinical validation.

The campaign accounts that do exist, usually in scientific papers, are incomplete reconstructions
rather than optimal discovery trajectories, so direct imitation alone provides no explicit mechanism for
improving beyond them. At the level of an individual response, verifier-guided reinforcement learning
addresses this limitation by optimizing model-generated reasoning traces against a specified reward
(Figure 2c). At the campaign level, RL can instead optimize the AI scientist’s action policy Π against
the return accumulated over a discovery trajectory (Figure 3a). Neither form of RL guarantees scientific
validity or performance beyond the available demonstrations. Whether RL creates new reasoning
capacity or primarily elicits capabilities already latent in the base model remains debated [59,63].

Formally, in verifier-guided post-training, a prompt p is sampled from a prompt distribution P ,
and the reasoning model samples a reasoning trace ρ ∼ πθ(· | p). A scalar reward R(ρ, p) is then con-
structed from verifier outputs and may encode properties such as correctness, mechanistic coherence,
experimental actionability, expected information gain, or agreement with a verifier assessment. The
objective is

max
θ

Ep∼P , ρ∼πθ(·|p)[R(ρ, p)].
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This objective describes post-training over completed reasoning traces rather than the full experimental
loop. Here, the constructed reward provides training feedback used to update the parameters θ. During
a discovery campaign, by contrast, a verifier returns the next observation st+1; evidence derived from
that output updates (Ht, bt) to (Ht+1, bt+1), while θ remains fixed unless a separate parameter-learning
procedure is invoked. Policy-gradient methods optimize the objective using baselines, advantage
estimates, or group-relative normalization to reduce variance. Unlike SFT, which imitates a fixed
demonstration distribution, RL can improve reasoning behavior when demonstrations are incomplete,
suboptimal, or out of distribution, although this advantage has primarily been demonstrated on
controlled, automatically verifiable tasks [58,60]. PPO- and GRPO-style on-policy methods are widely
used in current reasoning post-training, where models improve across repeated attempts under
constructed reward signals [64,65].

Learning Under Sparse and Delayed Feedback

Physical environments return observations at a cost and after a delay from the moment an AI
output is generated, with noise arising from the limits of current experimental systems and from
natural biological variation. Each observation therefore captures the state of a biological system only
in part, and the rewards constructed from these observations can be sparse and difficult to assign to
individual decisions. This structure separates scientific discovery from the domains where RL for
reasoning has been most effective. In mathematics and programming, a rule-based verifier checks a
completed candidate automatically and at low cost, so algorithms, such as GRPO [65], DAPO [66],
and GSPO [67], can score many trajectories within a training run on verifiable tasks. Wet-lab feedback
can be substantially slower and more costly than computational verification, and its latency, cost,
and number of observations vary widely across assays and experimental designs. Reward design
should account for the reduction in uncertainty produced by a negative or ambiguous observation.
The multi-loop structure of a discovery campaign further complicates credit assignment, because a
reward assigned at the end of the campaign can provide little information about which intermediate
steps produced the outcome. Three algorithmic requirements follow from this feedback structure, and
current RL methods satisfy them only in part.

(1) Long-horizon credit assignment [68], as the action that determines whether a campaign
succeeds, such as which cell line to perturb, which readout to measure, or which confound to control,
can precede the outcome on which its reward is eventually based by many loops, complicating
attribution of the trajectory-level return to the earlier action. (2) Uncertainty-aware exploration [69],
as allocating a limited verification budget across a campaign requires the AI scientist to maintain its
belief bt over the competing hypotheses Ht and to select the actions whose evidence can distinguish
among them. (3) Adaptive planning under partial observability [70,71], as evidence updates (Ht, bt)

and changes which actions are worth taking in later loops, so the AI scientist must revise its plan rather
than execute a plan formed under a belief the evidence has since superseded.

Current RL methods address these requirements at different levels. Hierarchical RL introduces
temporal abstractions or sub-task policies that separate local reasoning within a sub-task from the syn-
thesis of sub-task conclusions, which can help localize credit across a long reasoning trace or discovery
trajectory and therefore bears on Requirement (1) [72–74]. Bayes-adaptive RL addresses Requirement
(2) by maintaining the uncertainty represented in the belief and selecting actions according to their
value for both information gathering and achieving the scientific objective [69].

At the campaign level, model-based RL uses a world model pϕ to predict the latent state zt+1

and the resulting observation st+1 under candidate actions at, and plans using those predictions,
which reduces how often a campaign interacts with the physical environment [27,75–77]. Perturbation
response predictors provide components of such a world model, for example, by predicting the
effect of a perturbation on gene expression [78,79]. When evidence derived from the observed st+1

is inconsistent with the current hypothesis set and belief (Ht, bt), the AI scientist can update to
(Ht+1, bt+1) and replan, which satisfies Requirement (3). Updating or recalibrating the parameters
of the world model is a separate learning problem performed on observations accumulated within
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or across campaigns. However, planning can be vulnerable to errors in the world model, and an
improvement in predictive performance does not necessarily produce a better plan. Reward design
can shape these behaviors during training, but meeting the three requirements also depends on how
the AI scientist represents beliefs and uncertainty, explores among competing hypotheses, and plans
across loops.

Reward Design over Reasoning Traces and Experiments

Standard benchmark optimization maximizes accuracy on held-out questions with reference
answers, which is a poor proxy for the properties required in a discovery campaign [80–82], since many
consequential scientific problems admit no unique or immediately verifiable solution. A reasoning
model should therefore be assessed at the level of both its output and its reasoning trace. The criteria
are whether a generated hypothesis is mechanistically coherent, experimentally actionable, causally
consistent with known biology, and robust to distributional shifts across experimental systems, and
whether the accompanying trace integrates relevant evidence and uncertainty [83–86]. These criteria
concern the reasoning model’s output for an individual task. Whether the complete AI scientist then
selects an informative experiment, interprets the resulting observation appropriately, and revises its
beliefs in light of the evidence is a campaign-level property evaluated separately below.

These requirements motivate reward signals that go beyond answer correctness. Process-level
rewards [48,87] score intermediate steps in a reasoning trace rather than only its final output, which is
useful in scientific domains where answer correctness alone does not establish that the generated ratio-
nale is mechanistically coherent. Assessments from computational models of biological systems [10]
can provide an additional signal by testing whether a hypothesis satisfies quantitative constraints
imposed by known pathway dynamics, stoichiometry, or evolutionary conservation. A third class of
reward evaluates the experiment implied by a hypothesis according to its feasibility, expected ability
to discriminate among competing accounts, and expected reduction in uncertainty [6]. These rewards
are scalar training signals constructed from verifier assessments or predicted campaign utility. They
are not the observations returned by experiments themselves.

Verification of AI Outputs Across Discovery Horizons
The outputs on which a discovery campaign acts include hypotheses, proposed experiments and

assay plans, the protocols that implement those plans, interpretations of the resulting observations,
and belief updates made in light of the evidence. Verifiers return computational results or experimental
measurements. After quality control and appropriate statistical or mechanistic analysis, these outputs
provide evidence for the AI output under evaluation. Evidence is therefore distinct both from the raw
verifier output and from the subsequent interpretation placed on it. For claim-specific evidence to count
as prospective verification, the claim and evaluation criterion must be specified before the verifier
is queried. Generating and then assessing a hypothesis with the same model does not constitute
independent verification. Soft and hard verifiers (Box 1) are distinguished by the source of their
evidence, computational evaluation versus physical experimental measurement, rather than by a fixed
boundary in cost or reliability. Computational results often arrive sooner and cover more candidates,
whereas physical measurements interrogate the system more directly. Either can be noisy, biased, or
uninformative for the claim at hand.

Soft Verification of AI Outputs as Approximate Guidance at Scale

Soft verifiers return computational results of AI outputs. Some act as predictive surrogates for
physical experiments; these include learned structure and function predictors, mechanistic simula-
tions [88,89], and molecular docking models [19,90,91] (Figure 3b). Others, including knowledge
retrieval systems [92], assess consistency with existing evidence rather than approximating an experi-
mental outcome (Figure 3b). These verifiers need not return a single deterministic score. They may
produce probability distributions, structured predictions, simulated trajectories, or retrieved evidence
spanning multiple data modalities. When their outputs are thresholded to advance candidates, the
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resulting false-discovery rate depends on the operating point and candidate distribution; calibration
and domain validity can likewise vary across the hypothesis space, particularly in regions underrepre-
sented in training data [93–96]. A verifier output should therefore be interpreted within the domain
and decision threshold for which it was validated, together with its uncertainty [97,98].

Soft verifiers vary substantially in computational cost, and current workflows often evaluate can-
didates in stages, progressing from cheaper, high-throughput filters to more expensive, higher-fidelity
analyses. In materials discovery, for example, GNoME uses learned energy models to filter candidate
crystal structures before evaluating selected candidates using density functional theory [99]. Protein
engineering pipelines similarly combine multiple verifiers, including AlphaFold-family confidence and
interface metrics, Rosetta-derived binding energies, and geometric proxies such as buried surface area
and the number of interfacial hydrogen bonds, to corroborate evidence across distinct computational
objectives [100–102]. More computationally intensive analyses, such as molecular dynamics, can then
be applied to a smaller subset of candidates to assess their stability and conformational dynamics [89].
Combining multiple verifiers, however, introduces a multi-objective optimization problem, as their
scores may conflict or trade off against one another [103]. Nor does every domain yet have a sufficiently
reliable predictive soft verifier; for example, accurately forecasting transcriptional responses to genetic
or chemical perturbations in unseen cellular contexts and disease states remains challenging [95,96].

The choice and combination of soft verifiers should be refined as experimental evidence accumu-
lates. In protein-complex prediction, for example, interface-focused metrics such as actifpTM [104]
and ipSAE [105] were developed to correct biases in ipTM. When heterogeneous verifiers measure
distinct objectives, their trade-offs should be retained explicitly, for example as a Pareto set, rather than
concealed in an arbitrary weighted sum [103]. When they estimate the same outcome, their scores
should be calibrated against held-out experiments, and agreement among verifiers that share training
data or modeling assumptions should not be treated as independent corroboration. Disagreement,
missing coverage, or high predictive uncertainty should trigger an experiment selected to distinguish
among the alternatives. Representative experimental outcomes can then update each verifier’s weight
within the domain in which it has demonstrated predictive validity [97,98,106].

Finally, sufficiently reliable soft verifiers can turn some scientific tasks into scalable sources of
synthetic supervision for post-training reasoning models. Candidate reasoning traces can be sampled
and filtered using verifier scores to construct supervised finetuning data, while verifier outputs can be
used to construct outcome- or process-level rewards for reinforcement learning, linking soft verification
to the SFT and RL approaches described above [14,107,108]. In biology, RBIO1 provides a proof of
concept by using predictions from world models and structured prior knowledge as rewards for
reinforcement learning [109]. Optimization against a soft verifier can improve its scores without
improving performance on experimental outcomes [110].

Hard Verification of AI Outputs Through Experimental Grounding

Hard verifiers provide empirical observations from physical systems, including biochemical
binding and activity assays [102,111,112], pooled cellular perturbation screens [29,30], automated
synthesis and characterization [7,113], and prospective validation in organoid and clinical systems [10]
(Figure 3c). Unlike soft verifiers, they interrogate the biological system and can reveal constraints
that computational surrogates do not capture. However, experiments test observable predictions
derived from a hypothesis conditional on assumptions about the model system, assay, controls, and
measurement process. Their interpretation therefore depends on assay validity, appropriate controls,
statistical power, measurement noise, and reproducibility across experimental contexts [114,115].
Experimental results should consequently be treated as more direct, but still conditional and potentially
ambiguous, evidence. A null result is informative on the same terms, since it can reduce uncertainty
over competing mechanisms without establishing any of them, and it constrains a hypothesis only as
far as the assay was powered to detect the predicted effect.

Whereas a theorem prover can evaluate large numbers of candidate proofs computationally [13],
an AI scientist can test only a small fraction of its hypotheses experimentally. Experiments should
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therefore be prioritized by their expected scientific utility, namely whether they distinguish competing
mechanisms, reduce uncertainty, or expose failures in the current world model, rather than only by their
likelihood of supporting a candidate. Active learning methods select informative interventions under
a constrained verification budget [116,117]. Batched designs relax the constraint, since multiplexed
screens and pooled perturbation assays test many hypotheses in one execution, and the problem
becomes one of choosing sets of experiments that are jointly informative rather than ranking them
individually [118].

De novo protein-binder validation illustrates why hard verification requires multiple forms of
evidence. Biolayer interferometry (BLI) and surface plasmon resonance (SPR) estimate binding affinity
and kinetics by fitting measured association and dissociation curves [102,111,112]. However, an ap-
parently convincing sensorgram can result from nonspecific surface adsorption, avidity, aggregation,
or other assay artifacts rather than a specific one-to-one interaction [119]. Nor does binding alone
establish that a design engages the intended epitope or produces the proposed biological mecha-
nism. Confidence can instead accumulate across experiments when they address distinct alternative
explanations, combining appropriate controls with competition or epitope-binning experiments, muta-
genesis of predicted interface residues, orthogonal functional assays, and structural determination
by cryo-electron microscopy or X-ray crystallography [120]. Hard verifiers therefore do not return
definitive binary labels; they provide graded and complementary observations whose evidential
meaning depends on assay validity and interpretation. A measurement can be technically reliable
while remaining consistent with several biological explanations.

Multi-Loop Discovery Campaigns

Closed-loop discovery requires the AI scientist to combine evidence derived from computational
results and experimental observations over many loops. At each loop, the AI scientist maintains a
belief bt over the current competing hypotheses Ht. It then selects an action at expected to reduce
uncertainty in bt or discriminate among hypotheses in Ht, or reveal evidence that motivates new
or revised hypotheses, while respecting the constraints of the campaign. Executing at through a
computational or experimental verifier produces the next observation st+1. Evidence derived from st+1

updates (Ht, bt) to (Ht+1, bt+1) and thereby changes which actions are valuable in subsequent loops.
When the represented hypothesis set and probabilistic model are held fixed, Bayesian experimen-

tal design formalizes action selection as a sequential decision problem in which each action is evaluated
according to its expected utility under the current belief bt [34,35,121]. Because the outcome of an
experiment is not known in advance, this utility is averaged over the possible outcomes predicted by
the current model. When the goal is to discriminate among competing hypotheses, a natural utility is
expected information gain, which measures the expected reduction in uncertainty in bt [35,121]. These
formulations provide a principled framework for experiment selection, but they do not completely
solve multi-loop discovery. They optimize only over the hypotheses, actions, models, and utilities
represented in the system, so an information-gain objective may efficiently discriminate among hy-
potheses in the current set Ht while assigning no value to explanations outside that set. This limitation
is particularly important in open-ended discovery, where an observation can be valuable because
it motivates an expansion or revision of Ht, rather than because it merely reduces uncertainty in bt.
The resulting policy is also only as reliable as its probabilistic model and uncertainty estimates, since
model misspecification can produce misleading uncertainty and direct exploration toward suboptimal
experiments [122]. Because actions can differ in how long they take to complete, and because the value
of one experiment can depend on the experiments that follow it, practical campaigns may require
asynchronous batch or non-myopic policies that account for pending measurements and the future
value of the remaining budget [35,123].

Self-driving laboratories instantiate a constrained form of this closed-loop framework. They
generally hold the experimental protocol and readout fixed while varying a pre-defined set of exper-
imental parameters, such as the temperature or reagent concentrations used to synthesize a target
molecule [7,113,124]. An instrument then measures a predefined outcome and automated analysis
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determines how well that outcome satisfies the objective of the campaign. Because the experimental
protocol, action space, and success criteria are largely specified in advance, many loops can proceed
under human-on-the-loop oversight. The A-Lab follows this pattern by combining computational
screening, literature-derived synthesis knowledge, active learning, robotic experimentation, and auto-
mated characterization to search for synthesis routes to inorganic materials over repeated loops [7].
Outcomes from unsuccessful syntheses influenced subsequent synthesis choices in the same campaign,
while retrospective analysis identified computational and experimental failure modes that could inform
future systems. Related closed-loop strategies have been used for Bayesian optimization in chemistry
and materials discovery, as well as for protein engineering, where sequence models are updated using
fitness measurements collected over successive design, build, test, and learn loops [113,125–128].

Allocating hypotheses to verifiers becomes a difficult selection problem when an AI scientist
can select among many verifiers with different costs, fidelities, and completion times. In this setting,
an action at encodes both which candidate is tested and which verifier is queried. Experiment
selection must therefore weigh the expected value of the information returned by an action against its
cost, completion time, material requirements, computational demand, instrument capacity, reagent
availability, and other relevant resource constraints. Multi-fidelity Bayesian optimization formalizes
this problem by modeling relationships among information sources that differ in predictive fidelity
and cost, then using an acquisition function to choose which candidate and which information source
to query [106,129]. In AI scientists, such sources can include simulations, soft verifiers, proxy assays,
and wet-lab experiments when their relationships to the hypothesis under consideration in the current
loop can be modeled. A multi-fidelity model that is jointly fitted over observations from all sources
transfers information among them, and the acquisition function can trade off expected information
gain against the cost of each observation [106,130]. A soft verifier is useful when it predicts the outcome
of the experiment that tests the hypothesis under consideration. When it is poorly correlated with
that outcome, repeatedly querying it misdirects the campaign and costs more than directly testing the
hypothesis [106,131].

Evaluation of Closed-Loop Discovery
Comprehensive evaluation of closed-loop AI scientists assesses both the intermediate steps within

each loop and the discovery trajectory τ across a campaign. It requires criteria that measure whether
the AI scientist selects experiments that distinguish among competing hypotheses, revises those
hypotheses as warranted by the evidence returned in each loop, and reaches a correct final answer.
These criteria evaluate the AI scientist as a whole because campaign performance depends jointly on
the reasoning model, the harness that orchestrates its actions, and the verifiers that supply feedback.
An evaluation should therefore specify the version and configuration of each component at the start of
the campaign and report whether any component was allowed to change during it.

We consider three complementary evaluation settings. Retrospective and prospective evaluation
are distinguished by when the evaluation evidence becomes available relative to the run. Retrospective
evaluation compares the AI scientist’s output against a result recorded before the run began, so
the evaluation evidence is fixed and cannot be influenced by the system’s actions. Prospective
evaluation compares the output against a measurement collected only after the AI scientist has
committed to a prediction. Loop-level evaluation instead assesses adaptation across repeated rounds
of feedback, evaluating how evidence received in one loop changes the hypotheses and actions selected
in subsequent loops.

Retrospective benchmarks and rediscovery evaluation. Retrospective evaluation constructs tasks
from historical experimental data by treating known results as held-out targets (Figure 4a). In a
rediscovery setting, an AI scientist recovers a published finding, such as a drug-target interaction
or a gene-phenotype association, from the evidence available before its original report. This tests
hypothesis generation under a controlled information constraint [4,10]. Retrospective benchmarks can
also score the procedure that produces an answer rather than the answer itself, including the predictive
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models an AI scientist queries and the computational analyses it performs. For example, BixBench
defines tasks from published bioinformatics analyses in which an agent retrieves the data, writes and
runs code, and returns an answer scored against the recorded result [132]. CompBioBench modifies
real datasets and removes their metadata to define tasks with a single answer that cannot be reached
by recalling a published conclusion, and frontier agents answer most of them correctly [133]. Agentic
benchmarks evaluate the execution of an analysis rather than its conclusion, for example by varying
the number of dependent steps a task requires, and agents complete a small fraction of the longest
tasks that graders score [134]. These benchmarks show that current AI scientists perform well on
tightly scoped analyses and poorly on open-ended tasks composed of many dependent steps, which
is the structure of a closed-loop discovery campaign. Tasks of this kind return open-ended outputs,
and scoring them requires rubrics that capture answer accuracy, task completeness, and validity of the
procedure that produced the answer [135]. These benchmarks evaluate multi-step tasks retrospectively
rather than multi-loop campaigns, since the recorded result is fixed before the run and no verifier
returns evidence during it that could revise the hypotheses the AI scientist holds or the action it selects
next.

a b c
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Figure 4. Evaluation settings for AI scientists. (a) Retrospective evaluation uses historical datasets, held-out
discoveries, perturbation tasks, and literature-derived benchmarks. (b) Evaluation of AI scientist loops measures
adaptation across repeated loops of feedback and experiment selection. (c) Prospective evaluation tests scientific
reasoning through wet-lab experiments, robotic platforms, clinical studies, and real-world deployment.

Retrospective benchmarks require an answer based on previously recorded evidence, so such
a benchmark can include only tasks for which a past research study reports the target result. The
targets can also appear in the corpus the LLM was pretrained on, so a performance score can reflect
retrieval of a memorized result rather than inference from the evidence the task provides, unless tasks
are separated by publication date or drawn from findings that postdate the training cutoff [136]. While
retrospective evaluation tests whether an AI scientist reasons correctly over historical data, it cannot
establish that the AI scientist selects an experiment that resolves an open question. Selecting such an
experiment requires a prediction about the outcome of a loop that no campaign has yet run, so no
historical record can score it.

Evaluation of AI scientist loops. Evaluation of loops assesses reasoning over the trajectory of multiple
loops in which an AI scientist receives feedback and adapts its strategy (Figure 4b). Within a loop, the
AI scientist proposes an experiment, receives an output from a computational or experimental verifier,
interprets the evidence derived from that output, and updates its hypotheses before selecting the
next experiment. This sequence tests the multi-loop reasoning that retrospective benchmarks cannot
probe [137]. Because the object under evaluation is the discovery trajectory τ rather than a single
answer, performance metrics in this setting consider final answer accuracy as well as the quality of the
intermediate steps, whether the AI scientist selects the experiment that separates competing hypotheses
in each loop, whether its uncertainty estimates are calibrated to the evidence it has received, and
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whether it recovers from results that contradict its current hypothesis. The conclusions this evaluation
setting supports depend on where the feedback originates. A reasoning model trained against a
simulator can learn to optimize the simulator rather than reason about the biological system, and
evaluating it against that same simulator will not detect the substitution [138]. Feedback derived
from datasets that overlap its pretraining corpus likewise makes adaptation appear stronger than it
is [139,140]. A learned or approximate verifier used to train an AI scientist should therefore not also
serve as its sole evaluator. Evaluation should rely on leakage-free targets that provide an independent
test of performance.

Prospective evaluation. Prospective evaluation tests predictions against experiments that have not
yet been run when the prediction is made, which rules out an AI scientist retrieving or recalling the
outcome from its training dataset (Figure 4c) [6,10,113]. Establishing novelty additionally requires
determining whether the finding is already supported by the evidence available to the AI scientist.
Current prospective evaluations typically report a handful of AI outputs and are rarely preregistered.
Preregistration [141] addresses this selection bias by fixing which AI outputs will be verified before
experiments are run. A campaign can register the hypotheses to be tested, the experiments selected
to test them, and the criteria under which a readout counts as successful verification, then report
the fraction of tested hypotheses that held up and the cost of those tests. The registration record is
necessary because a campaign that reports only the hypotheses it selected after seeing which ones
succeeded will overstate success rate. Clinical research has widely adopted preregistration [142], and
closed-loop discovery needs it as well. Prospective evaluation can show which AI outputs held up, not
the rate at which AI scientists generate sound outputs, so retrospective benchmarks and evaluations of
loops are necessary for the breadth of testing that biological and clinical laboratories cannot perform.

Outlook
Current campaigns of AI scientists are short in duration and few in the number of loops, and

the hypotheses that reach experimental testing are selected by scientists. Scientists retain substantial
oversight over which hypotheses and experiments are pursued, and only a small fraction of generated
outputs reach prospective validation or yield novel scientific insights. Moving past such demonstra-
tions will require methods that connect a generated hypothesis to the measurement designed to test
it, derive evidence from that measurement, and transfer that evidence to the next stage of discovery.
Developing these methods will require adapting AI scientists to feedback that varies in timescale and
cost. Many RL-trained reasoning models are optimized against dense and immediately verifiable
rewards [14,143], whereas experimental results in a closed-loop campaign arrive over longer and more
variable timescales, and AI scientists must separate predicted effects from biological and technical
variations. Soft verifiers whose agreement with experimental outcomes has been established in early
loops reduce how often a campaign escalates to hard verification [106]. Miniaturized, multiplexed, and
automated assays can shorten the interval between perturbation and an interpretable experimental
readout, thereby reducing the latency of hard verification [144]. However, hard verifiers introduce
problems of reproducibility and biosafety (Box 2) with no counterpart among computational soft
verifiers [6,113].

Retrospective benchmarks are essential for developing closed-loop AI scientists, but repeated use
makes them vulnerable to contamination, overfitting, and saturation, which limits what they establish
about scientific discovery. Repeated evaluation can lead to overfitting of reasoning models, prompts,
and harnesses to a fixed benchmark [145,146]. Their useful lifetime is therefore short, since scores on
recently introduced benchmarks can rise by tens of percentage points within a year and tasks approach
saturation [147,148]. These limitations do not remove the need for retrospective evaluation, but instead
motivate continually renewed benchmarks built from temporally held-out, contamination-resistant, or
dynamically generated tasks. Evaluation of the closed loop should complement these benchmarks by
testing whether an AI scientist revises hypotheses, selects informative next experiments, and recovers
from failed predictions as new evidence arrives, although simulated or replayed feedback cannot
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establish that these behaviors transfer to a real-world biological system. As closed-loop AI systems
mature, evaluation may resemble the research process, with loops of retrospective evaluations followed
by prospective tests on new questions.

The promise of closed-loop biomedical discovery also raises many questions. The history accu-
mulated across loops has to be maintained over months, at a cost that grows with the length of the
campaign, and the training and inference behind AI scientists require computing infrastructure along-
side material and instrument costs for running discovery loops. Both computational and experimental
safeguards must be implemented, as an incorrect conclusion acted on by a self-driving laboratory can
direct months of laboratory work before the error becomes apparent and can also lead to biosecurity
risks [38]. Open datasets and shared platforms for AI scientists are a further consideration, since
engineering expertise is concentrated in a small number of institutions [4]. Autonomous discovery
campaigns that laboratories can join at any point, contributing measurements to a continuing effort,
would change how collaborations form across science. Scientific knowledge would then accumulate
through a continuous exchange between hypothesis and measurement in which human scientists and
AI scientists both take part.

Box 2 | Societal considerations for closed-loop AI-driven biomedical discovery

Democratization of AI scientist capability. Advanced experimental capability exists at well-
resourced institutions, and AI scientists could widen access to it by giving researchers worldwide
the means to run discovery loops [4,149]. These systems rely on resources that exist at a small
number of institutions, since training a reasoning model requires computing infrastructure,
proprietary experimental datasets, and engineering expertise, while hard verification requires
instruments, reagents, and laboratory staff. Open datasets, shared computing infrastructure, and
shared experimental facilities would make closed-loop AI scientists available more widely.

Scientific hallucination, auditing of discovery loops, and reproducibility. A loop that acts on a
hypothesis that is plausible but mechanistically unsupported can commit a laboratory to months
of unproductive work. Recognizing the failure requires an audit of the reasoning trajectory, so a
campaign has to keep a record of each hypothesis, the action chosen to test it, and the evidence
the verifier returned, together with the model version and the harness configuration. A stochastic
policy returns a different trajectory on a second run of the same question, and this is compounded
by the natural biological variation of assays [114], so reproducing a closed-loop campaign is
harder than reproducing the policy or the assay on its own.

Biosecurity and safety risks. Closed-loop AI scientists are dual-use systems, since a system
with tool access and a route to synthesis can be directed toward molecules of concern as readily
as toward a therapeutic target. A campaign also divides an objective across many loops, so
each individual request can appear innocuous [38]. Useful controls include restricting the action
space, requiring approval for actions that raise biosafety concerns, screening synthesis orders,
and keeping trajectories for later review, and they can be implemented in the AI scientist harness
rather than in the reasoning model [43].

Evolving roles of human researchers and AI scientists. As AI scientists take on hypothesis
generation, experimental planning, and data interpretation, scientific expertise will center on
mechanistic judgment, experimental oversight, and evaluation of AI outputs. Research insti-
tutions will have to reconsider how they train students, institutions how they hire, and the
community how it assigns academic credit [150].
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