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Abstract

Large language models and agentic systems are increasingly embedded across the scientific work-
flow, from literature synthesis and hypothesis generation to code execution, data analysis and
writing. This broadening of use exposes a mismatch in evaluation: current benchmarks can test
whether models answer difficult scientific questions, but not whether they can advance science itself.
Discovery depends on sequences of decisions under uncertainty, in which hypotheses must be made
testable, interventions executed reliably, and imperfect evidence interpreted with calibrated restraint.
In this Perspective, we argue that AI scientists should be evaluated through discovery episodes
rather than isolated problems. A discovery episode records the evolving scientific state, the actions
taken, the observations produced, the revisions made and the provenance needed to reproduce
and audit the process. This framing separates three coupled capabilities—hypothesis generation,
computational or experimental execution, and result interpretation—and motivates evaluations that
score trajectories as well as outcomes, preserve failures and null results, and distinguish genuine
discovery from rediscovery. Such evaluations are central for developing AI scientists that contribute
responsibly to trustworthy scientific discovery.

Introduction

Artificial intelligence is rapidly becoming part of the everyday machinery of scientific research [1]. Large language

models (LLMs) and agents now assist with literature synthesis [2], code generation [3], hypothesis generation [4–6],

data analysis [7, 8], and, increasingly, interaction with computational and experimental tools [9–14]. This progress

extends a longer history of AI for science, from protein structure prediction [15, 16], mathematical discovery [17],

and molecular design [18, 19] to autonomous materials discovery [20]. LLMs and agents, however, have changed the

scope of AI in science through their accessibility and breadth of adoption: their domain-general interfaces produce

fluent, seemingly reasonable responses to almost any scientific request, making their apparent competence far broader

and harder to delimit than that of earlier specialized models[21]. The question is therefore no longer only whether

specialized models can solve difficult scientific problems, but whether general-purpose AI scientists can participate in

the open-ended process of discovery by which new scientific knowledge is produced—and, if they can, how we would

know.



Current evaluation practice has not yet caught up with this shift. Widely used science benchmarks measure

closed-ended expert knowledge, including multiple-choice questions, short-answer problems, and reasoning traces

with textbook-style rubrics. These benchmarks are valuable because they are standardized, scalable, and comparable

across models [22–24]. However, as frontier LLMs have begun to saturate many once-difficult benchmarks, the field

has moved toward ever-harder expert exams such as Humanity’s Last Exam and FrontierScience [25, 26]. These

benchmarks create headroom for new models and expose important gaps in model knowledge and reasoning, but they

also sharpen a deeper limitation: answering difficult questions is not the same as doing science. Scientific discovery is

an iterative, evidence-producing workflow in which a scientist identifies a meaningful problem, generates hypotheses,

translates them into executable experiments or simulations, interprets uncertain and often conflicting results, and

decides which directions to pursue next [27]. Each step changes the state of knowledge and informs the next action,

making discovery a sequential decision-making process rather than a single act of answering [28]. This loop cannot

be fully captured by a static question-answer format, even when the questions are extremely hard. A model may know

a physical law, recognize a biological mechanism, or complete an analytical derivation, while still failing to design

a robust experiment, recover from tool errors, calibrate uncertainty, detect artifacts, or revise a hypothesis in light

of unexpected and possibly noisy evidence. The relevant distinction is therefore not simply between easy and hard

benchmarks, but between knowledge and discovery evaluation.

Recent work in AI for science makes this distinction urgent. LLM-based agents have begun to couple hypothesis

generation, literature search, code execution, physical experiment control, and result interpretation within longer

scientific workflows across chemistry, materials science, and life sciences [6, 10, 12, 20, 29]. These demonstrations

do not suggest that AI scientists can replace human scientists, but they do show that the relevant unit of evaluation

should shift from an isolated answer to a trajectory of decisions, artifacts, and evidence. Yet even when an AI

scientist produces a plausible new discovery, we often have little understanding of when its reasoning, tool use, or

conclusions should be trusted, or which components of the system contributed most to the discovery. A discovery-

oriented evaluation framework should therefore decompose the discovery loop into its constituent stages—hypothesis

generation, computational or experimental execution, and result interpretation—each producing different artifacts and

failing in different ways (Fig. 1). Because no single scalar score can capture these dimensions all together, progress

will require a portfolio of evaluations that combine automated scoring, verifiable workflows, and human expert review.

In this Perspective, we argue that evaluating AI scientists must move beyond ever-harder exams toward discovery

benchmarks that test whether AI scientists can help produce new and useful scientific results that expand human

knowledge. We first examine what exam-style benchmarks measure well and why escalating their difficulty cannot,

by itself, certify research capability for discovery (Fig. 1b). We then propose stage-specific evaluation designs

for the three stages of the discovery loop, where hypotheses should be verifiable, execution should be increasingly
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automated, and interpretation should be robust to uncertainty (Fig. 1c), outlining a roadmap toward closed-loop,

end-to-end benchmarks enabled by executable scientific workflows and laboratory automation [30]. Throughout,

a central requirement is to distinguish genuine discovery from rediscovery of what is already known. Finally, we

identify the data infrastructure this transition requires: evaluations should record negative results, failed attempts, tool

calls, intermediate states, and provenance, because these are precisely the data needed to train, audit, and improve

reliable AI scientists [31, 32]. Closing this gap will require the scientific community itself to contribute real workflows,

executable tasks, and well-documented discovery trajectories. With this infrastructure in place, AI can raise scientific

productivity while guarding against shallow reasoning and hidden errors [33], turning today’s benchmark race into a

foundation for trustworthy discovery.
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Fig. 1 | From knowledge evaluation to discovery evaluation. a. A schematic of the envisioned bidirectional
relationship between scientists and LLM-based agents. b. Comparison between conventional knowledge evaluation
and discovery evaluation. c. Conceptual framework for discovery-centric evaluation. Scientific discovery is decom-
posed into three stages: hypothesis generation, simulation and experiment, and result interpretation, corresponding
to intelligence, execution and analysis, respectively. Example work and benchmark families are positioned around
this cycle, illustrating how current evaluations probe different parts of the discovery process. At the center are
three desirable properties for future benchmarks: they should be verifiable for hypothesis generation, increasingly
automated for simulation and experiment execution, and robust for result interpretation.

Main

Moving from knowing science to doing science

Scientists and LLM-based agents are entering a bidirectional relationship, in which agents promise to accelerate

discovery and scientists in turn drive, inspire, and help us understand AI and develop better LLMs and agents (Fig.
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1a). Evaluation sits at the center of this exchange because benchmarks and models form a mutually reinforcing cycle,

where stronger models expose the limits of existing benchmarks and more demanding benchmarks define the future

directions for model development. For LLMs in science, this cycle has pushed the benchmark landscape along three

axes: breadth, perceptual complexity, and adversarial difficulty, all of which probe what models know rather than what

they can do. MMLU first established broad cross-domain academic coverage as a standard reference point [22, 34];

MMMU extended this logic to more complex diagrams, chemical structures, plots, and other expert visual artifacts

[23]; GPQA raised the difficulty to PhD-level biology, chemistry, and physics questions that non-experts cannot easily

resolve even with web access [24]; and OlympiadBench, HLE, and FrontierScience now push models toward longer

chains of mathematical and scientific reasoning and expert-authored answers [25, 26, 35], a direction now embodied

by reasoning models trained with reinforcement learning [36, 37]. This design lineage is useful because it removes

the heterogeneity of real scientific research. Each benchmark task has a stable input, a sanctioned answer, and a

scoring protocol that permits repeated comparison across model release cycles (Fig. 1b). These benchmarks, however,

can only measure discriminative problem-solving over established scientific knowledge under constrained input and

output formats.

When scores saturate, escalating benchmark difficulty is a straightforward short-term response, but it becomes

less sustainable as the frontier moves closer to research practice [38–40]. First, the cost rises sharply: HLE required a

global expert pipeline, multi-stage review, and private held-out data, while FrontierScience relies on PhD-level task

authors and rubric design [25, 26]. Second, as benchmark questions approach the research frontier, the boundary

between “hard but well-posed” and “contestable or under-specified” becomes fragile, especially when grading is

executed without verifiable outcomes. Third, hard questions can be mistaken for research competence. A model may

excel at deriving an answer in exams while still having no demonstrated ability to design an experiment, choose the

right measurement, manage experimental constraints, and, crucially, recognize when the question itself is ill-formed

or spot a potential breakthrough in an anomalous observation. Fourth, and most importantly for scientific use, high

scores do not certify reliability. HLE reports poor calibration on frontier questions, and broader studies show that

larger, more instruction-tuned models may give plausible wrong answers rather than abstain when they should [25, 41,

42]. For scientific discovery, a system’s operating range matters as much as its peak score: knowing when evidence is

insufficient, when assumptions fail, and when a result should not yet be trusted is part of the capability in question.

A practical definition of doing science should treat an AI scientist as a policy over a changing epistemic state,

rather than as a function from prompt to answer [43, 44]. At any step, the system has background knowledge,

prior observations, tools or skills, constraints, and unresolved uncertainty. It proposes a hypothesis or objective,

chooses an experiment or simulation, obtains an observation, analyzes the results, updates its state, and decides

whether to refine, reject, or extend the hypothesis (Fig. 1c). This formulation connects older robot-scientist work
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and the Nobel Turing Challenge to current LLM and agent benchmarks: the essential unit is a loop of proposal,

intervention, evidence, and revision, not a single response [45–47]. This framing also separates two capabilities that

are often conflated. LLM capability concerns the base model’s ability to retrieve, synthesize, reason, and communicate

scientific knowledge. Agent capability concerns whether a system can maintain state, use tools, execute protocols,

recover from errors, respect resource and safety constraints, and preserve provenance across many steps. Along this

direction, ScienceWorld made this distinction concrete, demonstrating that models which excel at exam-style science

questions can fail to complete experiments an elementary-school student could perform, once those experiments

must be carried out step by step in an interactive environment [48]. DiscoveryWorld extended this gap to complete

discovery cycles of hypothesis formation, experimental action, and analysis [49]. Newer benchmarks such as BLADE,

CORE-Bench, LAB-Bench, ScienceAgentBench, ReplicationBench, and SciAgentArena further show that data

analysis, reproducibility, protocol planning, research-code execution, and research replication expose failure modes

not visible in simple knowledge or reasoning based evaluations [7, 50–54], and scenario-grounded benchmarks have

begun to evaluate models at the level of entire research projects that span hypothesis generation, experimental design,

and interpretation [55]. A discovery-driven evaluation should therefore score both the final scientific artifact and

the trajectory that produced it (Figure 2), for example, whether the system recovers from failed actions, whether the

analysis meets its assumptions, whether negative results are correctly incorporated, and whether the claimed discovery

is genuinely novel rather than a rediscovery of known results, and empirically supported by the generated evidence.

Measuring the stages of scientific discovery

Scoring both artifacts and trajectories across a full “discovery episode” is demanding, and a practical path is to evaluate

each stage of the loop separately before composing them into end-to-end tasks (Fig. 3a). Each stage produces different

artifacts, requires different forms of validation, and has different failure modes. Hypothesis generation stresses novelty

and verifiability; execution requires reliability and automation; result interpretation demands robustness and evidence

grounding.

Hypotheses that can be tested. Hypothesis generation is the most open-ended stage. In an exam, the correct

answer is known in advance, while in hypothesis generation, the value of an answer may depend on evidence that

does not yet exist. This makes evaluation inherently difficult, because the most interesting hypotheses are often out

of distribution, not easily compared to a ground-truth label, and hard to measure with a single score [14]. These

difficulties make novelty a natural starting point for hypothesis evaluation [56]. Scientific discovery is valued because

it expands what is known; a system that only reconstructs familiar directions may demonstrate scientific knowledge,

but not discovery capability. For LLM-based systems, however, apparent novelty may be memorization, as an idea

can look original to an expert evaluator while being well represented in the model’s training corpus. Novelty should

5



To
ol

s,
 d

at
a 

& 
ex

pe
rim

en
ts

Te
xt

re
sp

on
se

Known answer Open ended

Expert QA Frontier knowledge

Research
subtasks

Executable
workflows

Interactive
query

Closed-loop
discovery

Toward
discovery

Evaluation evolution

Exam
accuracy

Research task
expert rubric

Workflow
artifact + logs

Closed loop
entire trajectory

a

b

Ev
al

ua
tio

n
co

m
pl

ex
ity

Knowledge expansion

Fig. 2 | Landscape of AI scientist evaluations. a. Schematic map of evaluations organized by two dimensions:
knowledge expansion, from known-answer tasks to open-ended inquiry, and evaluation complexity, from text responses
to evaluations grounded in tools, data and experiments. The shaded trajectory indicates the desired movement toward
evaluations that more directly measure discovery-oriented scientific work. b. Evaluation methods must evolve in
parallel, from exam accuracy on fixed questions to expert-rubric assessment of research tasks, reproducible workflow
artifacts and logs, and finally closed-loop evaluation of entire research trajectories. Positions are schematic and
indicate the structure of evaluation rather than measured benchmark performance.

therefore be assessed against both the published literature and, where possible, the training data, so that genuine

discovery can be distinguished from rediscovery. Yet even genuine novelty is not sufficient on its own. In blinded

expert reviews, LLM-generated research ideas were judged more novel than those of human experts, but weaker on

feasibility [57]. Useful hypotheses should be diverse as a set, and each should be scientifically plausible, physically

realizable, testable, and tied to a measurable objective. Benchmarks should thus treat novelty as necessary but not

sufficient, and new ideas must be grounded enough to support computational or experimental verification [58].

Scientific plausibility and physical realizability therefore become essential evaluation criteria. Once a hypothesis

passes a basic novelty screen, the relevant question is no longer whether it is interesting in the abstract, but whether the

proposed entity can exist, be realized, and be tested under realistic constraints. For example, if an agent proposes a new

metal-organic framework for gas separation [59], evaluation should go beyond expert impressions of creativity and

check chemical validity, synthetic accessibility, thermodynamic stability [60], and predicted adsorption behavior. If an

agent proposes an extension of the Standard Model in high energy physics, the benchmark should verify theoretical

self-consistency, such as anomaly cancellation and unitarity, check compatibility with precision measurements and

existing collider and cosmological constraints, and ask whether the theory yields falsifiable predictions within reach
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Fig. 3 | Anatomy of a discovery episode. a. A discovery episode can be represented as a structured trajectory from
state to action, observation and updated state. The state encodes the current scientific context; the action records
the intervention, such as a tool call, computation, experiment, or analysis. The observation captures the resulting
evidence. The updated state records how the agent’s beliefs, objectives, or constraints change before the next cycle. A
persistent provenance layer links each transition to the code, instruments, versions, human interventions and safety
constraints needed for reproducibility and audit. b. Full episode bundles preserve signals that are often filtered
out of conventional papers. Supported trajectories may become reported discoveries. Null or anomalous outcomes
define boundary conditions and failed actions provide recovery information, which are usually left out in publications.
Recording all branches turns discovery episodes into reusable evidence for benchmarking, training and evaluating AI
scientists.

of current or planned experiments [61]. In both cases, the goal is to move from evaluating the originality of an idea to

evaluating whether it can support a concrete computational or experimental test [62].

Hypothesis generation should also be evaluated as an iterative procedure. Human scientists rarely pursue a single

hypothesis in isolation; they explore multiple directions in parallel, balance exploration and exploitation, prioritize

candidates, and update their beliefs after failure. AI scientists should similarly be assessed on the diversity of their

hypotheses, the calibration of their expected outcomes, and the value of information provided by the proposed tests

[63, 64]. A collection of moderately novel, feasible, and informative hypotheses may be more scientifically useful

than a single bold but untestable claim.

Several benchmark formats are feasible for evaluating emerging hypothesis-generation systems [6, 29]. Ret-

rospective tasks can hide historical discoveries and ask whether agents can recover plausible research trajectories

without direct access to the final result—a design that is valid only when the hidden discovery lies outside the model’s

training data [65, 66]. Prospective tasks can ask agents to propose candidates in a bounded design space, later
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evaluated by simulation or experiment [67]. Online tasks can allow agents to interact with evolving databases or

automated workflows. Across all formats, the key requirement is that hypotheses must be connected to verifiable

consequences. A discovery benchmark should reward ideas that can survive contact with the world [68].

Execution under real-world constraints. Execution is the stage where a hypothesis becomes an action, and it is

the ultimate test of whether that hypothesis holds. Evaluating execution must therefore address two questions. First,

can the experiment be carried out with best-practice methods within the given constraints? Second, do its results

speak directly to supporting or refuting the hypothesis? Execution spans both the computational and physical realms,

as some hypotheses can be tested purely by analyzing, simulating, and modeling data, while others require physical

assays. The stage thus encompasses experimental and analytical design, protocol and code writing, instrument and

compute infrastructure, and recovery from failures or bugs. Crucially, any evaluation must also reflect the realities of

infrastructure, including which instruments are available, how much compute can be used, and what budget the work

is allowed to spend. This complexity has left execution an under-evaluated stage of AI for science, yet for the same

reasons it carries outsize importance for assessing systems that are increasingly deployed in real-world research.

Purely computational experiments may at first appear to benefit from the same dynamics as software engineering,

where deterministic checks such as unit tests have accelerated the evaluation, training, and resulting performance of

AI systems [69–71]. They do gain from the possibility of rapid iteration, but they remain experiments, and so stay

open-ended, are often agnostic to the process taken, and can yield highly interpretive outcomes. Efforts to constrain

such tasks have defined standardized environments and task formats, such as Harbor [72] and Inspect [73], which

substantially improve reproducibility and robustness. These formats also make it easier to implement denser rewards

across rollouts, so that the approach can be scored alongside the outcome.

Experiments that engage the physical world, such as wet-lab biology, present a fundamentally different challenge.

The combined effect of method-agnosticity and resource constraints makes it nearly impossible to design a cleanly

evaluable experiment without imposing significant up-front limitations. This difficulty is itself a valuable target for

evaluation, as it asks whether an AI scientist can design not only the ideal experiment in the abstract, but the optimal

one to run with the resources at hand. Some groups have evaluated experimental design through focused projects,

such as improving protein yield in a cell-free expression system [74], cloning and protein modification [13], or drug

repurposing [12], but building a dedicated benchmark around wet-lab execution remains an open challenge.

A further source of variability is human execution itself. No scientist is infallible in the lab, and no experiment

performs identically in all hands or all facilities. This variability may appear to be a roadblock to evaluating physical

execution, but it also defines an opportunity, namely to ask whether an AI scientist can design experiments and

protocols that are robust to the executor. Automated laboratories, first popularized in the life sciences and now

expanding into chemistry and materials, are the often-cited solution, as they are more consistent, faster, and more
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scalable [10, 20]. Yet they do not capture the many experiments that resist automation because they are not iterative

or scalable, or because their parameters vary too widely, and automated platforms are themselves not yet flexible

enough. Here, humanoid robots (sometimes referred to as “physical AI”) are a promising direction, as they can in

principle reproduce the full range of human laboratory actions and even operate under conditions that are unsafe for

human scientists.

These constraints raise the central question of how execution should be scored, and in particular whether

evaluation should reward the process, the outcome, or both. The key confounder is method-agnosticity. Human

experts frequently disagree on the best analysis or experiment for a given hypothesis, whether in the choice of method

and protocol or merely in reagents and parameters. There is often a wide breadth of valid approaches and yet a fine

line between valid and invalid, and even an invalid approach may reach the same qualitative conclusion. Evaluating

execution therefore requires positioning the measurement on a spectrum from opinionated to accommodating. An

opinionated evaluation accepts a single approach as correct, even when that does not reflect technical reality, whereas

an accommodating one admits multiple valid approaches, though being truly comprehensive is often untenable. An

opinionated evaluation can be easier to build, because it relies on discrete, easily scored outcomes and leaves the

correctness of the path taken implicit in the rewarded outcome. How the outcome is defined sets the degree of

opinionation. Requiring an exact numerical value is highly opinionated, whereas requiring only that a target gene of

interest appear among the top ten differentially expressed genes is more permissive, since it tolerates variation in the

underlying approach.

The same spectrum can be modulated at the task level. A task may supply a high-level plan that constrains

the approach to the outcome [75], or specify the procedure in greater detail [76]. Such scaffolding reduces the

method-agnosticity problem, but it makes the task easier, forecloses equally valid alternatives, and risks measuring

instruction-following rather than scientific ability. It also departs from the real-world use of AI scientists, which should

be expected to choose the right approach autonomously. The alternative is to pose the task in an open-ended form,

where the correctness of the path is again implicit in the rewarded outcome [77–80]. Here too the expected outcome

can be defined narrowly, or admit several equally valid results. Evaluating the approach in addition to the outcome

demands more complex assessment, but it enables denser reward signals and partial credit, for example through

comprehensive rubrics and LLM judges, which can themselves be tuned along the opinionated-to-accommodating

spectrum.

Interpretation with uncertainty. Result interpretation is the stage where computational or experimental outputs

become scientific evidence. At first glance, this stage may appear easier to evaluate than hypothesis generation

because the system is given data rather than asked to invent a new direction. In practice, however, interpretation

is often where discovery benchmarks become most fragile. Scientific measurements are rarely self-explanatory, as
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they are shaped by instrument calibration, preprocessing choices, statistical assumptions, experimental controls, and

domain-specific conventions. A benchmark that asks only for a final conclusion risks rewarding plausible narratives

rather than calibrated scientific judgment. A useful interpretation benchmark should therefore pair each experiment

or simulation with best-practice analysis methods appropriate to the data [7, 50]. An AI scientist should not merely

summarize results, but choose or apply analyses whose assumptions are justified, for example by checking sample

size, control groups, noise, convergence criteria, uncertainty estimates, and possible confounders. In computational

settings, this may include verifying that a simulation has converged or that the chosen model is valid for the regime

being studied. In experimental settings, it may require recognizing batch effects, instrument drift, contamination,

missing metadata, or measurements near the detection limit.

Interpretability and calibration to scientific instruments are especially important. Instruments such as NMR

spectrometers, mass spectrometers, microscopes, diffractometers, and electrochemical workstations do not produce

direct scientific conclusions. Instead, they produce signals that require domain-specific interpretation. For example,

an AI scientist analyzing NMR data should be able to distinguish expected peaks from solvent signals, impurities, side

products, baseline artifacts, or referencing errors—a capability that frontier models have recently begun to demonstrate

at the level of dedicated spectroscopy software [81]. If the NMR evidence conflicts with mass spectrometry or another

characterization method, the system should not simply choose the more convenient result. Rather, it should explain

the conflict, assess which interpretations remain plausible, and propose a follow-up measurement that would reduce

uncertainty.

Since interpretation depends on how evidence is produced, analyzed, and combined, this stage should be

evaluated as an evidentiary process rather than a final-answer task. A strong benchmark should evaluate the full

evidentiary chain, from extraction of relevant signals in raw data to calibration of uncertainty, comparison across

multiple measurements, and synthesis into a justified conclusion. A capable AI scientist should be able to orchestrate

evidence across modalities, separate observation from interpretation, and state clearly what the data do and do not

support. Recent agentic frameworks that subject free-form hypotheses to sequential statistical falsification, with

explicit control of type-I error, illustrate how such discipline can be automated [82]. In many cases, the best answer

will not be a decisive claim, but a robust judgment that neither overstates weak evidence nor discounts strong evidence,

acknowledging that several explanations remain consistent with the data.

This process-oriented view also exposes a central challenge, namely that interpretation often requires human-

defined evaluation. Unlike closed-ended exams, many scientific results do not have a single canonical answer,

especially when the data are noisy, incomplete, or contradictory. This ambiguity grows as an AI scientist approaches

cutting-edge research, where the observations most likely to signal a knowledge breakthrough are precisely those

for which no established interpretation yet exists [83]. Expert rubrics are therefore necessary to assess whether
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an interpretation is statistically valid, instrument-aware, and appropriately cautious. Rubric-based “deep research”

evaluations already take this approach for literature-grounded synthesis tasks [26], and extending it from curated

sources to raw experimental data is the natural next step. These rubrics should reward not only correctness, but also

uncertainty calibration, identification of failure modes, reproducibility of the analysis pipeline, and quality of the

recommended follow-up action. In this sense, interpretation benchmarks should measure whether an AI scientist

can reason with evidence under uncertainty, rather than merely generate a convincing post-hoc explanation. When

performed well, interpretation closes the discovery loop, where rigorous analysis of the evidence determines whether

a hypothesis should be refined, rejected, or pursued further.

Roadmap to closed-loop, end-to-end discovery benchmarks

The stage-wise evaluations of hypothesis generation, execution, and interpretation each measure distinct competencies,

but scientific discovery ultimately emerges only from their composition and the feedback loop that connects them. A

hypothesis is turned into an experiment and executed, the resulting evidence is interpreted, and the interpretation feeds

back to inform the next hypothesis, closing the loop where it began. Each of the three stage-wise criteria—verifiable

hypotheses, automated execution, and robust interpretation—remains necessary when evaluating the discovery process

as a whole, but together they are still not sufficient. Any closed-loop, end-to-end evaluation framework for AI

scientists must additionally satisfy several properties that arise only once the loop turns.

First, within a single episode, scoring must assign credit across its stages, since the end-to-end result reflects their

interaction rather than any stage in isolation. A strong, verifiable hypothesis can still be wasted by poor execution, and

a flawed interpretation can turn a well-run experiment into a false conclusion. A failure can therefore not be isolated

to one stage without examining the full trajectory. A closed-loop benchmark must accordingly score the trajectory

itself—attributing the outcome to the stage responsible for it—rather than judging the final result alone.

Second, evaluation must extend across episodes, not only within them. Two agents that behave identically on

a single problem can differ entirely in what they carry forward, namely whether they exploit what earlier episodes

established—transferring insight and avoiding dead ends already mapped—and whether they explore what those

episodes left open, probing the untried regions most likely to reward attention. What a closed-loop benchmark must

evaluate is not a fixed strategy but how well an agent steers its own discovery process across episodes—accumulating

scientific experience and deploying it in both directions—so that the search grows better informed and more efficient

with each new episode.

Third, a discovery made through this iterative process must still survive replication, the standard by which

science separates real findings from artifacts. A closed-loop benchmark can test this rather than trust the agent’s report

[53, 84]. Because the experiments run in a live computational environment or physical laboratory, the finding can
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be replicated independently and counted only if it holds. In a computational setting this is already practical, as the

verification plan can be executed independently, cheaply, and automatically, and in the physical world automated

laboratories are steadily closing the gap [10, 20, 85].

At scale, the loop breaks at the execution stage. An agent can still generate a hypothesis and interpret the data

once it exists, but what it cannot do is run the experiment that would test it when that means a wide-field astronomical

survey, a multi-year clinical trial, a decade-long climate field campaign, or a new particle accelerator. Hypothesis

and interpretation scale, but execution does not, and so the loop cannot close. A minimum closed-loop benchmark

must therefore stay in the regime where execution is containable—a bounded, well-characterized problem with an

automatically computable objective, run in a controlled environment where a hypothesis can be tested at reasonable

time and cost.

Closing the data gap: from static corpora to “discovery episodes”
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Fig. 4 | A community ecosystem for measuring AI scientists. a. Discovery-oriented evaluation requires a
shared infrastructure that connects scientists, benchmarks, LLMs and agents, automation systems and foundational
institutional support. Scientists contribute real problems and expertise; benchmarks translate them into measurable
tasks; LLMs and agents attempt the tasks and expose capabilities and failure modes; automation infrastructure
captures data, experiments and trajectories; and foundations provide standards, credit and oversight. Together, these
layers support trustworthy discovery rather than isolated benchmark performance. b. The ecosystem is sustained by
what circulates through it: problems, scenarios, tasks, trajectories and governance mechanisms. As these elements are
refined and reused, they feed back into better frontier models and agents, creating a community loop for improving
both evaluation and scientific discovery.
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The limiting data problem for AI scientists is not only the amount of scientific text available, but the form in which

scientific work is recorded. Closed-ended benchmarks usually compress evaluation into (question → answer),

while papers compress research into a retrospective narrative of (problem → evidence → claim). Both formats are

valuable for human communication, but they discard much of the information needed by agents that must act over

time. This limitation is especially acute in reinforcement learning, in which improving a scientific agent through

interaction requires reward signals that are denser than a final publication or a pass–fail benchmark score [86]. Useful

signals include intermediate feedback on whether a tool call was valid, an experiment was feasible, a measurement

was interpretable, or a recovery action moved the system closer to a reliable result. An AI scientist therefore needs

trajectories of scientific research: the initial state of knowledge, candidate hypotheses considered and rejected, tool

calls, code edits, simulation inputs, instrument settings, intermediate observations, failed attempts, recovery actions,

and the evolving rationale that connects one decision to the next. Recent agent benchmarks in scientific environments

have begun to expose these requirements, but most still evaluate bounded tasks rather than complete discovery histories

[7, 48, 49]. The data object needed for training and evaluation is therefore a “discovery episode”: an AI-ready record

of (state → action → observation → updated state) repeated until a scientific claim is supported, abandoned, or

revised (Figure 3a). Existing standards and infrastructures already point in this direction. FAIR principles emphasize

findable, accessible, interoperable, and reusable scientific data [87]. Efforts such as the Open Reaction Database

and the Materials Project, workflow platforms like AiiDA and FireWorks, and self-driving laboratories have already

illustrated the value of standardized reaction conditions, parameter histories, instrument metadata, and outcome

records that preserve provenance at scale [30, 88–92].

Another data gap is that the scientific record is biased toward what worked. Published papers over-represent

positive, clean, and coherent results that support their narratives, while failed synthesis, abandoned hypotheses,

debugging steps, and inconclusive measurements are rarely preserved in reusable form [31, 93]. This omission

serves human efficiency, but it discards exactly what agents could use. Unlike humans, agents can ingest the full

record of failures at scale, learning from data that no individual scientist could ever read through. Negative results

are not merely missing publications, but training signals: they define the boundary of a hypothesis, reveal hidden

constraints, teach when to stop, and reduce the tendency to rediscover known dead ends. A robust AI scientist should

learn not only which action produced a reported success, but also which nearby actions failed, which assumptions

were violated, which measurements were noisy, and which recovery strategies restored progress. The next step is to

produce large-scale “discovery episodes” that include experiments and simulations, intermediate analysis, negative

and ambiguous outcomes, decision rationales, software environments, versioned protocols, and human interventions

(Figure 3b). Capturing these episodes need not add to scientists’ burden: self-driving laboratories and workflow

engines can record them automatically as a by-product of normal operation [30, 90], and journals could extend

FAIR-style requirements from final datasets to discovery trajectories, crediting the researchers who contribute them
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[87]. Such records would let AI scientists train on the full distribution of scientific practice rather than the polished

subset that survives publication. They would also make evaluation more auditable, where a claimed discovery could

be inspected not just as an endpoint, but as a reproducible path through evidence, uncertainty, failure, and revision.

Discussion

Measuring AI scientists is a community undertaking that no single group can accomplish alone. It requires a shared

infrastructure that connects scientific understanding, benchmark construction, computational validation, and experi-

mental verification (Figure 4a). Scientists must contribute real workflows, meaningful objectives, and representative

failure cases, benchmark builders must convert these workflows into scalable and reproducible evaluation environ-

ments, and AI researchers and frontier labs must optimize agents against these environments and expose their failure

modes. If this loop succeeds, improved agents will flow back into science, helping researchers generate hypotheses,

execute workflows, interpret results, and create new discovery episodes for the next generation of systems.

Discovery benchmarks also cannot remain static. Scientific agents such as Kosmos, Claude Science, and MIRA

are already moving from research prototypes to deployed platforms that couple literature search, data analysis, and

long-horizon task execution behind a single interface, and their rapid release cycle ensures that any fixed benchmark

will measure a moving target[94–96]. The demands placed on AI scientists will evolve as models, agents, tools, and

lab automation improve, and what counts as a meaningful scientific contribution will shift as larger design spaces,

faster experimental cycles, and new forms of human-AI collaboration are unlocked. The criteria for “good science”

must evolve accordingly, as success in discovery depends on producing ideas, workflows, and interpretations that are

novel, testable, reproducible, useful, and safe. As AI scientists explore more possibilities than human researchers can

manually inspect, additional criteria will grow in importance, including calibration under uncertainty, cost-adjusted

value of information, robustness to failed experiments, interpretability of decisions, and the ability to ask for human

oversight. The goal should therefore not be one final benchmark for scientific discovery, but a living measurement

ecosystem in which tasks, metrics, and reporting standards evolve with scientific practice while comparability across

systems is preserved, moving the benchmark target from isolated correctness toward disciplined scientific judgment

(Figure 4b).

Reliability must sit at the center of this evolving ecosystem. AI systems have begun to produce striking scientific

and mathematical results, including formally verified progress on long-standing Erdős problems [97, 98] and olympiad-

level mathematical reasoning [99]. At the same time, some celebrated examples of “solving” open problems in fact

surfaced solutions already published in the literature, a reminder that distinguishing discovery from rediscovery is

itself part of the measurement problem [100]. A single breakthrough at the boundary of human knowledge, however

impressive, is different from a reliable discovery engine. The central evaluation question is therefore not whether
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an AI scientist can occasionally solve a hard problem, but whether it can repeatedly generate useful progress under

controlled, auditable, and reproducible conditions.

Closely related to reliability is safety. Scientific discovery can create powerful capabilities, including in chemistry,

materials, energy, and life sciences. Benchmarks that reward only speed, novelty, or objective improvement could

unintentionally incentivize unsafe behavior, such as proposing hazardous experiments, optimizing poorly specified

objectives, ignoring uncertainty, bypassing human oversight, or generating dual-use knowledge without appropriate

safeguards [101, 102]. Safety should therefore be built into benchmark design rather than appended afterward. A

discovery benchmark should specify allowed design spaces, forbidden objectives, safety constraints, human-review

points, provenance requirements, and conditions under which the agent should stop or ask for help. In some cases, the

safest and most scientifically responsible action is not to proceed, but to recognize that the evidence, protocol, or

objective is insufficiently constrained.

Beyond evaluation, science may become one of the most important environments for developing more capable

AI. Scientific discovery naturally provides what many current training settings lack, namely long-horizon objectives,

interaction with external tools, uncertain observations, delayed feedback, and consequences that can be checked

against reality [103]. Closed-loop discovery environments could therefore serve not only as benchmarks but also as

learning environments, in which the discovery episodes described above become training signal rather than archive.

In this sense, measuring AI scientists may help unlock more general forms of intelligence, because pushing science

forward requires reasoning, planning, acting, observing, and revising beliefs in contact with the world [47].

Together, these considerations define the next phase of AI scientists evaluation. Exam-style benchmarks remain

useful for measuring scientific knowledge, but they are only one component of a broader measurement ecosystem.

Stage-specific benchmarks test whether knowledge can be converted into hypotheses, executable workflows, and

calibrated interpretations. Closed-loop benchmarks test whether these capabilities can be composed into reliable

discovery over time. The long-term goal is not acceleration alone, nor the replacement of scientific judgment with

automated output, but AI scientists that can participate responsibly in the scientific discovery process. The field

should therefore move from asking whether AI can answer harder scientific questions to asking whether AI can help

create trustworthy scientific breakthroughs. That transition will require community effort, evolving standards, and

benchmarks that look less like exams and more like science itself.
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