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Abstract

We argue that current Al scientist systems
are not yet ready for open-ended and
fully autonomous scientific discovery. De-
spite impressive capabilities in automating
research workflows, these systems produce
research-like artifacts rather than validated
science—optimizing for surface plausibility
while lacking the judgment, creativity, and
real-world grounding essential to genuine dis-
covery. Through systematic analysis and hu-
man evaluation, we identify three critical gaps:
(1) the real-world environment gap—absence
of infrastructure for validating Al-generated
hypotheses against physical reality; (2) the
professional skills gap—Tlack of deep domain
expertise beyond general-purpose reasoning;
and (3) the quality verification gap—lack of
scalable mechanisms for ensuring that Al-
generated scientific claims are reliable, repro-
ducible, and scientifically verifiable. We pro-
pose corresponding directions: scaling verifi-
able real-world research environments, cultivat-
ing domain-specific agent skills, and develop-
ing reliability-aware frameworks. Until these
fundamental gaps are bridged, Al scientists
should serve as collaborative partners ampli-
fying human capabilities, not as autonomous
researchers.

1 Introduction

Scientific discovery has powered human civiliza-
tion for centuries, yet the enterprise faces unprece-
dented strain. Scientific publication output grows
at roughly 4% per year (Bornmann et al., 2021),
while peer review systems buckle under increas-
ing pressure (Hanson et al., 2024). Major machine
learning conferences now receive over 20,000 sub-
missions annually, and the reproducibility crisis
undermines trust in published findings (Gundersen
et al., 2018). Against this backdrop, Al scientist,
which we refer to as agentic systems driven by
Large Language Models (LLMs), have emerged
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Figure 1: AI-Driven Research Explosion Crisis. The
rapid evolution of Al-powered research tools has been
accompanied by a surge in conference submissions,
while the quality and reproducibility of Al-assisted re-
search outputs remain highly inconsistent. (Data from
https://papercopilot.com/statistics)

with the promise of automating research at scale:
generating hypotheses, designing experiments, and
producing manuscripts at very low cost (Lu et al.,
2026; Yamada et al., 2025; Gottweis et al., 2025).

The adoption of Al scientists is rapid and
widespread (Lu et al., 2024; Xie et al., 2025b).
As Figure 1 illustrates, Al-powered research tools,
ranging from LLMs to agentic systems and Al sci-
entists, have proliferated dramatically (Jiang et al.,
2025a), contributing to the rapid growth of Al-
generated scientific content and increasing pressure
on existing quality-control mechanisms. Our hu-
man study of 25 active Al researchers (Appendix E)
confirms this trend: 80% report using Al systems
frequently for research tasks, with coding assis-
tance (100%), paper writing (80%), and literature
review (76%) as dominant use cases. In response,
major scientific platforms such as arXiv have re-
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Figure 2: Overview of our paper. We analyze the current state of Al scientists, identify three critical gaps
(real-world environment, professional skills, quality verification), examine deficiencies across the research pipeline,
and propose directions for developing Al scientists as collaborative partners rather than autonomous replacements.

cently introduced penalties targeting low-quality
or unverified Al-generated submissions, including
hallucinated references and fabricated experimen-
tal claims.! Understanding the capabilities and
limitations of Al scientists is therefore not merely
academic—it is essential for the research commu-
nity navigating this technological transformation.

Yet despite impressive technical achievements, a
sobering reality emerges: current Al scientist sys-
tems primarily produce research-like artifacts, such
as codebases, trained models, and full research
papers, rather than independently validated scien-
tific knowledge (Kusumegi et al., 2025; Beel et al.,
2025). They optimize for surface plausibility—
well-structured papers, fluent prose, comprehensive
citations—while struggling with the deeper require-
ments of scientific validity: hypotheses grounded
in causal mechanisms, experiments that genuinely
test claims, and conclusions that withstand indepen-
dent scrutiny (Zhu et al., 2025¢). The gap between
appearing scientific and being scientifically valid
represents the central challenge.

Our claim: Current Al scientists are not yet
ready for open-ended, fully autonomous scien-
tific discovery.

ISee: https://www.nature.com/articles/d41586-0
26-01595-5

Bridging three critical gaps is essential before
these systems can fulfill their transformative po-
tential (Figure 2). The path forward requires not
simply scaling existing approaches, but systemat-
ically addressing fundamental limitations in how
Al scientists interact with the real world, acquire
domain expertise, and collaborate with human re-
searchers:

Real-world environment gap. Current Al scien-
tists operate primarily in sandboxed computational
environments, lacking infrastructure to validate dis-
coveries against physical reality. Genuine scientific
impact requires scalable, verifiable real-world re-
search environments where Al-generated hypothe-
ses can be tested and confirmed through authentic
experimentation.

Professional skills gap. General-purpose lan-
guage models lack the specialized domain exper-
tise that human scientists accumulate over careers.
Moving beyond shallow pattern matching to deep
scientific reasoning demands cultivating profes-
sional agent skills—domain-specific knowledge,
methodological rigor, and judgment calibrated to
particular research contexts.

Scientific quality gap. Current Al scientist
systems increasingly optimize for artifact produc-
tion, without corresponding guarantees of scien-
tific validity, reproducibility, or verification. As
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autonomous research generation scales, the field
risks accelerating the production of plausible but
insufficiently validated scientific artifacts. The
field should prioritize reliable and verifiable sci-
entific workflows over unconstrained autonomous
research generation.

Future Al scientists must operate within scalable
real-world research environments that enable phys-
ical validation, develop modular professional skills
grounded in domain expertise and scientific work-
flows, and incorporate reliability-aware discovery
mechanisms that prioritize verification, traceability,
and oversight. In this paper, we argue that advanc-
ing Al scientists will require tightly integrating
environment scaling, professional scientific skills,
and reliable discovery frameworks into the next
generation of scientific agent systems.

Until these fundamental gaps are bridged,
Al scientists should serve as collaborative
partners amplifying human capabilities, not
as autonomous replacements.

2 The Current State: Capabilities and
Limitations

The term open-endedness has been widely studied
in artificial intelligence and reinforcement learn-
ing (Hughes et al., 2024), where it typically refers
to a system’s ability to continuously generate novel
and learnable outputs through interaction with an
environment.

In this paper, we define open-ended scientific
discovery as the ability of an Al scientist sys-
tem to autonomously pursue scientific research in
unbounded and evolving environments, where re-
search goals and methodologies are not predefined .
Unlike narrow scientific tasks with fixed objectives
or workflows, open-ended discovery requires con-
tinuously adapting to new problems, unexpected
observations, and changing research directions.

We define a fully autonomous Al scientist as
a system capable of independently conducting the
full scientific discovery cycle, including problem
formulation, hypothesis generation, experimenta-
tion, validation, and iterative refinement, without
human involvement in core scientific decisions.

2.1 What Current Al Scientists Can Do

The past two years have witnessed remarkable
progress in automated scientific research systems.
These advances span the entire research pipeline,

demonstrating capabilities that challenge assump-
tions about the boundaries of machine intelligence
in science.

Literature synthesis Al systems now efficiently
process vast literature corpora, extracting key find-
ings and identifying potential research gaps. Tools
leveraging retrieval-augmented generation synthe-
size knowledge across thousands of papers, sur-
facing connections that might escape individual re-
searchers (He et al., 2025; Jin et al., 2024; Wei et al.,
2024). Specialized literature agents demonstrate
proficiency in organizing scientific knowledge and
tracking evolving consensus (Li et al., 2024; Wang
et al., 2024b).

Hypothesis generation. Large language models
exhibit surprising facility for generating research
hypotheses. Studies show that LLM-based systems
can produce plausible, sometimes validated, sci-
entific hypotheses from background information
alone (Qi et al., 2023; Zhou et al., 2024). Multi-
agent frameworks where proposing and reviewing
agents iterate on ideas yield increasingly refined
proposals (Baek et al., 2024; Wang et al., 2024a;
Su et al., 2024). Recent work even suggests Al-
generated ideas can match human novelty in con-
trolled settings (Si et al., 2024).

Experimental design and execution. In com-
putational domains, Al agents automate experi-
mental workflows with increasing sophistication.
Code generation systems translate high-level de-
scriptions into executable experiments (Chen et al.,
2021; Austin et al., 2021; Li et al., 2022; Miao
et al., 2025), while orchestration frameworks coor-
dinate multiple specialized tools (Shen et al., 2023;
M. Bran et al., 2024). Self-driving laboratories ex-
tend these capabilities to physical experimentation
in chemistry and materials science (Boiko et al.,
2023; Steiner et al., 2019; Dai et al., 2024; Darvish
et al., 2025).

2.2  Where Current Systems Fall Short

Despite these capabilities, systematic evaluation
reveals fundamental limitations that prevent cur-
rent Al scientists from achieving genuine scientific
impact. To ground our analysis empirically, we
conducted a human study surveying 25 researchers
from the Computer Science and Al community—
all with hands-on Al tool experience and academic
publication backgrounds (see Appendix E for full
methodology and results). These empirical find-
ings contextualize three critical gaps we identify
below.



Real-world environment gap. A persistent
disconnect exists between computational predic-
tions and real-world outcomes (Lombardo et al.,
2021). Current Al scientists operate primarily in
sandboxed computational environments, lacking in-
frastructure to validate discoveries against physical
reality. In materials science, molecules that appear
promising in computational screening often fail in
synthesis (Tshitoyan et al., 2019). The Al Scien-
tist system reports experiment success rates below
50%, with code that executes but implements algo-
rithms different from those described (Lu et al.,
2024). Reproducibility benchmarks reveal that
even state-of-the-art systems struggle to faithfully
execute described procedures (Zhao et al., 2025;
Siegel et al., 2024; Han et al., 2025). While pioneer-
ing systems like Coscientist (Boiko et al., 2023)
and mobile robotic platforms (Dai et al., 2024;
Darvish et al., 2025) demonstrate physical-world
integration, these remain isolated examples requir-
ing substantial human infrastructure. Scaling ver-
ifiable real-world research environments remains
an open challenge.

Professional skills gap. General-purpose lan-
guage models, despite their breadth, lack the spe-
cialized domain expertise that human scientists ac-
cumulate over careers. Analysis reveals that Al-
generated literature reviews demonstrate “breadth
without depth”—comprehensive citation without
genuine intellectual engagement (Martin-Boyle
et al.,, 2024). Generalization studies show sys-
tematic biases in how Al systems summarize and
synthesize scientific findings (Peters and Chin-Yee,
2025; Ektefaie et al., 2024). A particularly concern-
ing manifestation is citation hallucination: recent
analysis reveals that fabricated references have infil-
trated published literature at alarming rates (Sakai
et al., 2026). These hallucinations appear credi-
ble to casual inspection but corrupt the scientific
record. Moving beyond shallow pattern match-
ing to deep scientific reasoning demands cultivat-
ing domain-specific agent skills—methodological
rigor and judgment calibrated to particular research
contexts.

Quality verification gap. Current Al scien-
tist systems can generate research artifacts at un-
precedented scale, yet ensuring scientific qual-
ity remains fundamentally unresolved. Recent
systems such as Al Scientist-v2 (Yamada et al.,
2025), Kosmos (Mitchener et al., 2025), and Al-
Researcher (Tang et al., 2026) primarily opti-
mize hypothesis generation, code execution, and

manuscript production, while reproducibility stud-
ies continue to reveal implementation errors, hal-
lucinated citations, weak experimental validation,
and unreliable conclusions (Siegel et al., 2024;
Starace et al., 2025; Sakai et al., 2026). This imbal-
ance between generation and verification risks ac-
celerating low-quality research exploration beyond
the capacity of existing scientific quality-control
pipelines. Al scientists therefore require scalable
infrastructures for reproducibility, validation, trace-
ability, and scientific accountability, rather than
stronger generation capabilities alone.

3 More Gaps Across the Research
Pipeline

Following the capability-level framework proposed
by recent surveys (Xie et al., 2025a), we analyze the
concrete gaps across five core stages of scientific
research: (1) knowledge acquisition, (2) hypothesis
generation, (3) experimental design and execution,
(4) analysis and interpretation, and (5) validation
and evolution. At each stage, current Al scientists
exhibit systematic deficiencies that prevent reliable
scientific discovery.

3.1 Knowledge Acquisition

Knowledge acquisition requires retrieving and
comprehending domain-specific scientific litera-
ture (Xie et al., 2025a). Current systems demon-
strate impressive breadth in literature processing,
but remain limited in depth of understanding.

Precision-recall trade-offs in retrieval. Cur-
rent Al scientist systems heavily rely on keyword-
based matching, often retrieving classic but po-
tentially outdated papers while missing recent ad-
vances (He et al., 2025; Jiang et al., 2025b). The
enormous scale and diversity of scientific literature
makes it difficult to accurately retrieve the most
relevant and up-to-date information for a given re-
search problem. Both precision and recall remain
inadequate for high-stakes scientific applications.

Citation hallucination. A particularly concern-
ing manifestation is the systematic fabrication of
citations. Recent studies have identified hundreds
of hallucinated references in major conference pro-
ceedings (Sakai et al., 2026). These hallucinations
appear credible to casual inspection but corrupt
the scientific record when subsequent work builds
upon false foundations.



Table 1: Critical gaps across the scientific research pipeline.

Research stage Core capability Current gap

Literature retrieval and
understanding

Novel and feasible scientific
idea generation

Experiment implementation
and execution

Scientific reasoning and
interpretation

Verification, quality control,
and iterative improvement

Knowledge acquisition
Hypothesis generation

Experimental design and
execution

Analysis and
interpretation

Validation and evolution

Inaccurate retrieval and hallucinated citations undermine reliable scientific grounding (He et al.,
2025; Jiang et al., 2025b; Sakai et al., 2026).

Generated hypotheses are often repetitive, weakly grounded, or experimentally infeasible (Qi et al.,
2023; Zhou et al., 2024; Lu et al., 2024).

Current systems frequently fail to produce reliable, reproducible, and intention-aligned experi-
ments (Chan et al., 2024; Starace et al., 2025; Siegel et al., 2024).

Al systems struggle with causal reasoning, methodological judgment, and scientifically meaningful
interpretation (Ektefaie et al., 2024; Peters and Chin-Yee, 2025).

Validation infrastructure cannot keep pace with Al-generated research outputs, creating major quality
and reliability risks (Gundersen et al., 2018; Hanson et al., 2024; Weng et al., 2025).

3.2 Hypothesis Generation

Hypothesis generation represents the key feature
distinguishing Al scientist systems from automated
scientific tools (Xie et al., 2025a). Yet current sys-
tems face fundamental challenges in producing hy-
potheses that are simultaneously novel, feasible,
and scientifically grounded.

The novelty-feasibility trade-off. Studies show
that while LLMs can generate novel hypotheses (Qi
et al., 2023; Zhou et al., 2024; Si et al., 2024),
these ideas are often less feasible or disconnected
from experimental reality. The core challenge is
that high-quality hypothesis generation requires
domain intuition—understanding which questions
are tractable, scientifically meaningful, and worth
pursuing.

Repetition and lack of originality. Empirical
evidence suggests that ideas produced by Al sys-
tems tend to lack true originality and are frequently
repetitive across different runs or even across dif-
ferent models (Lu et al., 2024; Xie et al., 2025a).
LLMs are fundamentally limited by their training
data, constraining their ability to move beyond well-
trodden conceptual ground.

3.3 Experimental Design and Execution

The capability to design, implement, and execute
experiments transforms an Al scientist from an
idea generator into an autonomous scientific intel-
ligence (Xie et al., 2025a). However, this stage
reveals the most severe capability gaps.
Implementation and execution failures.
Benchmark evaluations show that even state-of-
the-art LLMs struggle to translate conceptual
understanding into reliable experimental imple-
mentations (Chan et al., 2024; Starace et al.,
2025; Siegel et al., 2024). The Al Scientists
reports experiment success rates below 50%,
with implementations often deviating from the
intended algorithms (Lu et al., 2024). These
failures include incorrect hyperparameters, flawed

preprocessing pipelines, and inconsistent statistical
analyses (Miao et al., 2025). As Al-assisted “vibe
coding” becomes increasingly common, such
errors may propagate into published computational
research (Siegel et al., 2024; Lu et al., 2024).

Physical world constraints. In physical sci-
ences, the gap widens further. Self-driving lab-
oratories demonstrate impressive automation in
chemistry and materials science (Boiko et al., 2023;
Dai et al., 2024; Darvish et al., 2025), but remain
confined to narrow and pre-structured problem
spaces (Stach et al., 2021). Molecules that appear
promising in computational screening often fail in
synthesis (Tshitoyan et al., 2019), while real-world
execution introduces complications absent from
simulation environments (Matsiko, 2024). This
disconnect highlights the persistent real-world en-
vironment gap.

3.4 Analysis and Interpretation

Data analysis in scientific domains requires not
only computational proficiency but scientific judg-
ment in distinguishing signal from noise, identify-
ing patterns, and drawing valid inferences.

Correlation without causation. Al systems ex-
cel at identifying statistical patterns but struggle
with scientific interpretation. They may detect cor-
relations without distinguishing causation, apply
sophisticated methods without checking assump-
tions, or produce analytically convincing outputs
that overlook methodological flaws (Ektefaie et al.,
2024; Peters and Chin-Yee, 2025).

Visualization and communication gaps. While
Al systems can generate plots and tables, they often
fail to select informative visualizations (Liang and
You, 2025) or emphasize scientifically meaningful
results.

3.5 Validation and Evolution

The most severe gap concerns the asymmetry be-
tween generation and validation. Al scientists gen-



erate claims far faster than they can be verified,
creating systemic risks for scientific integrity.

The validation bottleneck. No scalable infras-
tructure exists for systematic verification of Al-
generated hypotheses. Human expert review can-
not keep pace with Al generation, while existing
evaluations show that Al-generated papers often
suffer from experimental weaknesses, methodolog-
ical ambiguity, and limited novelty (Weng et al.,
2025; Xie et al., 2025a). This reflects the unre-
solved quality verification gap.

Lack of evolutionary capability. A mature Al
scientist should continuously advance its research
abilities based on feedback (Xie et al., 2025a).
Current systems predominantly focus on single-
task completion rather than managing long-term
research cycles with comprehensive planning and
iteration. When relying solely on self-generated
feedback through internal reflection, Al scientists
are prone to “looping errors”—mistakes amplified
over multiple iterations rather than corrected.

Al review quality crisis. Al-generated re-
views often provide generic feedback and fail to
identify substantive methodological issues (Weng
et al., 2025). Evidence from Agents4Science fur-
ther shows persistent gaps in scientific judgment
when Al agents act as both authors and review-
ers (Bianchi et al., 2025).

4 Safety: Capability Without Safeguards

As Al scientists become more capable, safety con-
cerns intensify across multiple dimensions (Tang
et al., 2025).

Technical vulnerabilities. Current systems ex-
hibit critical vulnerabilities including susceptibility
to prompt injection attacks, memory contamina-
tion that introduces fabricated citations, and unsafe
tool operations in laboratory settings (Zhu et al.,
2025b). Benchmarks like AgentHarm reveal that
even aligned models comply with harmful requests
in multi-step scientific workflows (Andriushchenko
et al., 2024).

Coordination risks. Multi-agent Al scientist
systems introduce additional risks: small commu-
nication errors can cascade into large-scale reason-
ing failures (Ghafarollahi and Buehler, 2024; Song
et al., 2025). The lack of standardized communica-
tion protocols for scientist-to-scientist interactions
results in inefficient information exchange and sub-
optimal integration of external criticism.

Systemic concerns. Safety frameworks re-
main underdeveloped relative to capability ad-

vances, creating risks of dual-use research, bi-
ased outputs that distort scientific priorities, and
over-standardization that suppresses creative in-
quiry (Stahl, 2021; Kowald et al., 2024). Without
robust ethical constraints, Al scientist systems may
autonomously enter dangerous research domains,
accelerating the development of potentially harm-
ful technologies before adequate safeguards can be
implemented (Xie et al., 2025a).

S Proposed Directions

5.1 Scaling Real-World Research
Environments

Al-generated hypotheses require physical valida-
tion. Recent advances in autonomous laborato-
ries (Steiner et al., 2019; Dai et al., 2024; Darvish
et al., 2025; Angelopoulos et al., 2024) and robotic
experimentation (Matsiko, 2024; Zhang et al.,
2025b) have begun enabling closed-loop scien-
tific workflows in which Al-generated hypotheses
can be automatically tested and iteratively refined.
Emerging frameworks further emphasize environ-
ment scaling as a key path toward general agentic
intelligence by evaluating agents in increasingly
diverse and dynamic settings (Zhang et al., 2025a;
Liu et al., 2025; Wen et al., 2025; Fang et al., 2025;
Froger et al., 2025). However, existing systems
remain fragmented and lack scalable infrastructure
for reliable real-world scientific discovery.

Future progress may require treating scientific
discovery as an embodied interaction with physical
environments rather than a purely computational
reasoning task. One important direction is the de-
velopment of standardized interfaces connecting
Al planning systems with laboratory equipment,
robotic platforms, simulation engines, and scien-
tific instruments (Stach et al., 2021). Al scien-
tists may additionally require persistent closed-loop
research environments where hypotheses, experi-
mental feedback, and environmental observations
continuously inform subsequent reasoning and ex-
perimentation. More broadly, scalable benchmark
ecosystems grounded in real-world outcomes—
such as experimental reproducibility, successful
synthesis, and adaptive interaction with evolving
environments—may become essential for training
and evaluating scientific agents beyond static com-
putational tasks (Siegel et al., 2024).



5.2 Cultivating Professional Agent Skills for
Science

Recent work has begun augmenting general-
purpose LLMs with domain-specific capabilities
through specialized scientific training (Gao et al.,
2024; Zheng et al., 2025), tool integration with
external software systems (M. Bran et al., 2024;
Shen et al., 2023), and modular agent skill frame-
works (Gottweis et al., 2025; Agent Skills, 2026).
Domain-specific agents for materials science (Ni
et al., 2024), chemistry (M. Bran et al., 2024),
and biomedicine (Gao et al., 2024) further demon-
strate the potential of incorporating procedural
knowledge and specialized workflows into scien-
tific agents. Meanwhile, self-evolving agent frame-
works explore how agents can iteratively improve
tools, memory, and workflows through interaction
and feedback (Lin et al., 2024; Team et al., 2025;
ang Gao et al., 2026; Ou et al., 2025; Zhai et al.,
2025). Despite these advances, current systems
remain far from expert-level scientific reasoning
and continue to suffer from shallow understanding,
cascading failures, and hallucinated outputs (Zhu
et al., 2025a; Shao et al., 2025).

Future AI scientists may require professional
skills that emerge from long-term interaction with
domain-specific scientific processes rather than
large-scale text prediction alone. One important
direction is the development of training environ-
ments grounded in iterative experimentation, sci-
entific feedback, failure analysis, and long-horizon
research processes. Al scientists may addition-
ally require persistent memory and experience ac-
cumulation mechanisms that allow agents to re-
fine research strategies, track prior failures, and
develop domain-specific judgment over extended
time horizons. More broadly, modular scientific
skill ecosystems capable of independently devel-
oping, evaluating, and composing specialized rea-
soning abilities—such as experimental design, sta-
tistical analysis, and scientific verification—may
become essential for robust scientific discovery.

5.3 Reliable Scientific Discovery Guidance

Verification-first scientific pipelines. Future Al
scientist systems should produce outputs that are
reproducible, executable, traceable, and auditable
by construction. Scientific claims should be ac-
companied by transparent reasoning traces, exe-
cutable workflows, reproducible environments, and
provenance records that enable independent verifi-

cation (Schmidgall and Moor, 2025).

Scalable scientific validation infrastructure.
Reliable Al-driven discovery requires scalable
mechanisms for validating scientific outputs be-
yond sandboxed simulations. Emerging direc-
tions include autonomous laboratory platforms
for closed-loop experimentation, reproducibility
benchmarks across diverse environments, and dis-
tributed verification networks for cross-validating
Al-generated hypotheses.

Reliability-aware oversight and scientific gen-
eration. Future Al scientist systems should in-
corporate uncertainty calibration, confidence esti-
mation, self-verification, and execution-grounded
evaluation into the generation process (Xie et al.,
2025a). At the system level, robust oversight
mechanisms—including Al disclosure policies, val-
idation checkpoints, independent review processes,
and provenance tracking—will be essential for
maintaining scientific accountability and prevent-
ing unreliable claims from propagating through the
literature (Feng et al., 2024).

6 Alternative Views

We acknowledge credible perspectives that chal-
lenge our position.

Al scientists are already achieving reliable
discovery level performance. Systems like
AlphaFold (Jumper et al., 2021) and Coscien-
tist (Boiko et al., 2023) demonstrate genuine sci-
entific contributions. Google’s Al co-scientist has
generated novel hypotheses subsequently validated
experimentally (Gottweis et al., 2025). In materials
science, Al-driven discovery platforms have iden-
tified novel compounds (Tshitoyan et al., 2019;
Stach et al., 2021). The AI Scientist produces
complete research papers autonomously (Lu et al.,
2024), and NovelSeek demonstrates closed-loop
hypothesis-to-verification workflows (Team et al.,
2025). A related critique suggests our framework
exaggerates the distance to reliable discovery—
after all, language models have improved dramati-
cally through scaling (Bang et al., 2023), and his-
torical precedent suggests initial skepticism about
Al capabilities often proves unfounded (Xu et al.,
2021).

Our response: We acknowledge these achieve-
ments but note a crucial distinction: successful sys-
tems operate in well-defined problem spaces with
clear validation criteria (Wang et al., 2023). Al-
phaFold predicts structures against experimentally
determined ground truth; Coscientist executes pre-



defined reaction types in controlled settings. The
gaps we identify—open-ended hypothesis gener-
ation, cross-domain reasoning, and autonomous
validation—distinguish narrow successes from gen-
eral scientific competence (Reddy and Shojaee,
2025). Our human study shows that while Al sys-
tems receive “Good” ratings for execution tasks
(coding: 3.92/5, writing: 3.68/5), they are rated
“Poor” for creative tasks (hypothesis generation:
2.71/5, reproduction: 2.63/5). The top limitations
cited—hallucination (28%) and lack of creativity
(24%)—persist across state-of-the-art systems (Lu
et al., 2024; Siegel et al., 2024), suggesting fun-
damental limitations rather than incremental short-
falls. Bridging these gaps requires new capabilities:
physical experimentation infrastructure that does
not yet exist at scale (Stach et al., 2021), domain-
specific skill acquisition beyond current training
paradigms (Gao et al., 2024), and principled collab-
oration protocols that current architectures do not
support (Gottweis et al., 2025). The reproducibility
crisis in human science (Gundersen et al., 2018)
demonstrates that even validated methodologies
fail without proper infrastructure—scaling alone
cannot substitute for structural investment.

7 Call to Action

Bridging the gaps requires coordinated investment
across the research community.

For Researchers. Addressing the professional
skills and quality verification gaps requires more
transparent and systematic evaluation of Al sci-
entific workflows. First, releasing Al interaction
logs, including prompts, reasoning traces, and veri-
fication procedures, could help researchers analyze
failure modes and improve specialized scientific
agents. Second, the community would benefit from
shared repositories of failure cases, including hal-
lucinations and incorrect scientific conclusions. Fi-
nally, paired evaluations against human baselines
may provide more reliable assessments of scien-
tific progress, particularly when negative results
and failure modes are openly reported.

For Institutions. Closing the real-world envi-
ronment gap requires infrastructure for scalable
validation and oversight of Al-assisted science.
First, universities and research institutions could
establish shared autonomous experimentation plat-
forms connecting Al-generated hypotheses with
robotic laboratories under controlled conditions.
Second, institutions will need stronger account-
ability mechanisms, including standardized disclo-

sure frameworks for Al involvement in scientific
workflows. Finally, oversight structures analogous
to Institutional Review Boards may become neces-
sary to ensure sufficient human verification before
Al-assisted research is published.

For Funding Agencies. Resolving the gaps re-
quires sustained investment in scientific infrastruc-
ture and verification ecosystems for Al-assisted
discovery. First, funding agencies should sup-
port shared validation infrastructure, including au-
tonomous laboratories, verification networks, and
benchmark ecosystems for Al-generated discover-
ies. Second, Al-science funding programs should
require explicit human verification protocols with
clear oversight checkpoints. Finally, long-term
collaboration between Al researchers and domain
scientists remains essential for developing robust
domain-specific agent skills.

For the AI Community. Existing evaluations
of Al scientists remain heavily benchmark-driven
and often prioritize plausibility over scientific valid-
ity. First, the community should develop domain-
grounded benchmarks with real-world validation
signals, such as testing whether Al-proposed
molecules can actually be synthesized rather than
merely appearing plausible. Second, modular sci-
entific agent skills that can be independently evalu-
ated and transferred across domains may improve
reliability and adaptability. Finally, interpretable
confidence estimation and uncertainty calibration
remain essential in scientific settings where errors
may propagate into downstream research.

8 Conclusion

We argue that current Al scientist systems are
not yet ready for open-ended, fully autonomous
scientific discovery due to three critical gaps: the
absence of real-world validation environments, the
lack of specialized professional domain skills, and
insufficient quality verification frameworks. These
capability limitations, compounded by emergent
problems including citation hallucination, low-
quality Al reviews, and unverified code generation,
create systemic risks for scientific integrity. We
advocate for a strategic reorientation from pursu-
ing fully autonomous Al scientists toward devel-
oping Al scientific partners that amplify human
capabilities while preserving accountability—the
path to Al-enabled discovery runs through deeper
integration with human expertise, not increasing
autonomy.



Limitations

This paper is primarily a position and synthesis
work rather than a comprehensive empirical bench-
mark study. Our conclusions reflect an interpreta-
tion of current evidence on Al scientist systems and
may evolve as the field progresses rapidly. While
we ground our discussion in recent literature and
a human evaluation study, our empirical analysis
remains limited in scale and primarily reflects per-
spectives from researchers in computer science and
Al-related fields. Broader interdisciplinary evalu-
ations across domains such as biology, chemistry,
physics, and medicine may reveal different capabil-
ity profiles and deployment considerations.

In addition, our discussion focuses specifically
on open-ended and fully autonomous scientific dis-
covery rather than narrow or human-supervised
scientific workflows. We do not deny that current
Al systems already provide substantial value in as-
sisted research settings, including coding, literature
review, experimental automation, and hypothesis
exploration. Some capability gaps identified in
this paper may narrow substantially with future ad-
vances in reasoning, tool use, and autonomous ex-
perimentation. However, we argue that challenges
related to scalable validation, scientific accountabil-
ity, and reliable real-world experimentation are un-
likely to be resolved through model scaling alone.
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during the preparation of this paper. Their usage
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C Open Questions

When are Al scientists appropriate to use? An
important open question is identifying which stages
of scientific research are suitable for Al scientists
and which still fundamentally require human ex-
pertise. Current systems are particularly effective
for accelerating repetitive and large-scale tasks, in-
cluding literature retrieval, code generation, data
processing, experiment automation, and broad hy-
pothesis exploration (Lu et al., 2024). In these
settings, Al systems can substantially improve ef-
ficiency by searching larger solution spaces and
reducing manual workload. However, Al scientists
remain unreliable for tasks requiring deep domain
intuition, causal reasoning, long-horizon planning,
and high-stakes scientific judgment. Our human
study suggests researchers remain especially skep-
tical of Al-driven hypothesis generation, experi-
ment design, and autonomous validation, where
hallucinations and superficial reasoning can easily
propagate into downstream research. We therefore
argue that Al scientists are currently better viewed
as acceleration tools for bounded and verifiable sub-
tasks rather than autonomous researchers capable
of independent scientific discovery. Determining
clear boundaries for safe and effective deployment
remains an important challenge for the field.

How far are we from reliable Al scientists?
Our human study (Appendix E) shows clear ca-
pability gaps: Al scientists are rated below “Fair”
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(<3.0/5) on core creative tasks—hypothesis gener-
ation (2.71), reproduction (2.63), and experiment
design (2.81). Main concerns are hallucination
(28%) and lack of creativity (24%). 64% say early-
stage human oversight is still essential; only 12%
expect fully autonomous Al researchers. This indi-
cates current Al systems are far from independent,
reliable scientific discovery, due to lacking judg-
ment, domain intuition, and creative insight (Si
et al., 2024; Xie et al., 2025a).

Evaluation as a fundamental challenge. A
key open problem is how to evaluate Al scientific
contributions without known ground truth (Siegel
et al., 2024). Existing benchmarks focus on iso-
lated skills, but science demands integrated per-
formance across the workflow. We argue evalua-
tion should be broken down by process—assessing
knowledge quality, hypothesis novelty, implemen-
tation, analysis, and validation—to pinpoint capa-
bility gaps and track true progress (Weng et al.,
2025; Xie et al., 2025a).

Credit assignment and authorship. As Al sys-
tems increasingly contribute to research, fundamen-
tal questions arise about scholarly credit. Current
authorship conventions assume human responsibil-
ity for claims (Resnik and Elmore, 2016), but how
should contributions from Al systems be acknowl-
edged? Should Al-generated hypotheses, code, or
text receive formal attribution?

D Impact Statement

This paper aims to guide the responsible develop-
ment and deployment of Al scientist systems. By
identifying critical gaps between current capabil-
ities and reliable scientific discovery, we hope to
steer research investment toward addressing foun-
dational limitations rather than prematurely scaling
unreliable systems. The potential positive impact
includes reducing the risk of scientific misinforma-
tion from Al-generated content, preserving human
accountability in research, and ensuring Al systems
genuinely advance rather than undermine scientific
integrity. We acknowledge that overly cautious in-
terpretations of our position could slow beneficial
Al applications in science; however, we believe
the greater risk lies in deploying systems that pro-
duce plausible but unverified claims at scale. Our
advocacy for human-Al partnership frameworks re-
flects the conviction that the path to transformative
Al-enabled discovery requires collaboration, not
replacement.



E Human Study: AI Scientists Survey

E.1 Survey Overview and Methodology

We conducted an anonymous survey to understand
how researchers perceive, use, and envision the fu-
ture of Al Scientists. The survey was distributed
within the Computer Science and Al research com-
munity in January, 2026.
Participant Recruitment and Ethics: All re-
sponses were collected anonymously from re-
searchers with hands-on experience using Al-based
research tools and academic research/publication
experience. 100% of participants (N=25) explic-
itly agreed to allow their responses to be used for
academic research purposes. No personally identi-
fiable information was retained.
Sample Characteristics (N=25):
* Research Domain: 96% Computer Science,
4% Physics

* Research Experience: 60% with 1-3 years,
16% with 3-5 years, 12% with <1 year, 8%
with 5-10 years, 4% with >10 years

* Al Tool Usage: 80% use Al systems fre-

quently, 16% occasionally, 4% tried a few
times

E.2 Survey Questions

The survey consisted of 15 questions across four
sections: (1) Demographics (research domain, ex-
perience years); (2) Current Usage (usage fre-
quency, scenarios, capability ratings, Al system
types); (3) Human-Al Collaboration (involvement
modes, critical stages, issue severity); and (4) Fu-
ture Perspectives (limitations, collaboration vision,
concerns, superhuman timeline). Questions in-
cluded single-choice, multiple-choice, 5-point Lik-
ert scales, and open-ended responses. Full ques-
tionnaire available upon request.

E.3 Detailed Survey Results

E.3.1 AI System Usage Patterns

Usage Frequency: 80% of participants use Al
systems frequently for research, indicating deep
integration into research workflows. Figure 3
shows that coding/debugging is universally adopted
(100%), followed by paper writing (80%) and liter-
ature review (76%). Hypothesis generation (32%)
and paper reproduction (20%) see lower adoption.

Types of Al Systems: General-purpose LLMs
(ChatGPT, Claude, Gemini) have universal adop-
tion (100%), followed by coding agents (64%).
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Research Scenarios Where Al Scientists Are Used

Coding / debugging 25 (100%)

Paper writing 20 (80%)

Literature review / survey 19 (76%)

)

11 (44%)

Data analysis

Experiment design

9 (36%)
8 (32%)

Tool usage
Hypothesis generation

Reproducing papers 5 (20%)

0 5 10 15 20

Number of Users (N=25)

25 30

Figure 3: Research scenarios where Al scientists are
used (N=25).

Fully autonomous research agents are used by only
20%.

E.3.2 Capability Assessment by Research
Module

Figure 4 presents capability ratings across eight
research modules:

* High-rated (>3.5/5): Coding/debugging
(3.92), Paper writing (3.68), Literature review
(3.56), Data analysis (3.55)

* Low-rated (<3.0/5): Reproducing papers
(2.63), Hypothesis generation (2.71), Experi-
ment design (2.81)

This reveals a clear execution-innovation gap:
Al excels at execution tasks but struggles with cre-
ative reasoning requiring deeper scientific under-
standing.

Al Scientist Capability Ratings by Research Module

Coding / debugging
Paper writing
Literature review
Data analysis

Tool usage

- 21)
I Good/Excellent (23.5)
Fair (3.0-3.5)

-6 W Poor (<3.0)

Experiment design
Hypothesis generation

Reproducing papers

0 1

2 3 4
Average Rating (1-5 Scale)

Figure 4: Al scientist capability ratings by research
module (1-5 scale). Error bars show standard deviation.

E.3.3 Human-AI Collaboration Patterns

Figure 5 shows that 64% of researchers consider
early stages (planning: 36%, task formulation:
28%) most critical for human involvement. Only
16% are comfortable with minimal human interven-
tion.

Future Vision: The community is split: 44%
envision equal partnership, 44% prefer human-led



Most Critical Stage for Human Involvement

. s Planning & reasoning (9)

Task formulation (7)
20%

Final decision (5)
B Result interpretation (4)

28%

Figure 5: Most critical stages for human involvement.

assistant, and only 12% expect fully autonomous
researchers (Figure 6).

Envisioned Future Role of Al Scientists

Fully autonomous researcher 3 (12%)
Assistant (human-led) 11 (44%)
Collaborator (equal partnership) 11 (44%)
0 5 10 15

Number of Responses

Figure 6: Envisioned future roles of Al scientists.

E.3.4 Perceived Issues and Severity

Figure 7 shows Safety & Reliability is rated most
severe (mean=3.16/5), with 40% considering it
“Very” or “Extremely” problematic.

Perceived Severity of Issues When Using Al Scientists

Mean: 2.52

Not an issue
Slightly
Moderately

ery
Extremely severe

Mean: 3.16 Mean: 2.88

S N

Number of Responses
Y

Safety & Reliability Domain Knowledge & Expertise Timeliness & Efficiency

Figure 7: Perceived severity of issues when using Al
scientists.

E.3.5 Superhuman-Level Performance
Timeline

Figure 8 shows 64% expect Al to reach

superhuman-level research performance within

5 years. Only 4% consider it impossible.

E.4 Open-Ended Responses

E.4.1 Biggest Limitations (Q10)

Table 2 categorizes responses on Al scientists
biggest limitations. Hallucination (28%) and lack
of creativity (24%) dominate.

s
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Predicted Timeline for Al Scientists to Reach Superhuman-Level Performance

9 64% expect within 5 years
(36%)

o

8
(32%)

©

6
(24%)

Number of Responses
e

1 1
(4%) (4%)

<1year <3 years <5 years <10 years Never

Figure 8: Predicted timeline for superhuman-level Al
research performance.

E.4.2 Future Concerns (Q12)

Table 3 presents concerns about Al scientists’ fu-
ture. Misinformation (25%) and academic qual-
ity degradation (12.5%) are prominent.

E.5 Summary of Key Findings

1. High Adoption: 80% frequently use Al for re-
search; coding (100%), writing (80%), and lit-
erature review (76%) are dominant use cases.
Execution-Innovation Gap: Execution tasks
rated Good (coding: 3.92, writing: 3.68)
while creative tasks rated Poor (hypothesis:

2.71, reproduction: 2.63).

Hallucination as Primary Concern: 28%

cite hallucination as the biggest limitation;

25% worry about future misinformation.

. Human Oversight Critical: 64% believe
early stages require human involvement; only
16% accept minimal intervention.

. Optimistic but Cautious: 64% expect super-
human performance within 5 years, but 88%
prefer human-led or collaborative models over
full autonomy.

E.6 Limitations

The sample (N=25) is relatively small and concen-
trated in Computer Science (96%), limiting gen-
eralizability. Participants are active Al users, po-
tentially overestimating adoption. Findings reflect
January 2026 perspectives.

E.7 Full Survey Questionnaire



Table 2: Reported limitations of current Al scientists (N=25), categorized by theme.

Category N (%)

Representative Responses

Hallucination / Fac- 7 (28%)
tual Accuracy

“Hallucination everywhere”; “When we ask to find related papers, the title often looks
reasonable but it actually returns paper that doesn’t exist”; “Over confident on things that it
is not sure”

Creativity / Innovation 6 (24%)

“They are horrible at ideation and experimental design”; “Limited ability to generate truly
original ideas”; “Ideas generated are sometimes naive”; “Incremental idea without novelty”

Domain Knowledge 4 (16%)

“Context and understanding abilities”; “Do not know enough”; “Multi-modal ability”

Reliability / Account- 3 (12%)
ability

“Results in papers/model cards do not match real-world performance”; “Accountability in
problem formulation”

Speed / Efficiency 2 (8%)

“Time cost”; “Speed is too slow”

Other 3 (12%)

“No reliable long-term memory”’; “Need deep thinking capability”; “Access to data is crucial”

Table 3: Concerns about the future of Al scientists (N=24), categorized by theme.

Category N (%)

Representative Responses

Hallucination / Misin- 6 (25%)
formation

“Generating fake facts”; “Producing research from hallucinated results—we don’t understand
why Al proposed the method”; “Ability to verify information”

Research Quality / 3 (12.5%)
Academic Impact

“Watery papers beat potential good papers”; “Increased submissions result in lack of review-
ers and poor review quality”

Safety / Reliability 3 (12.5%)

“Errors matter significantly in science”; “Reliability and performance”

Job Displacement / 3 (12.5%)
Human Role

“Replace jobs”; “Humans stop thinking = new knowledge disappears”

Creativity / Novelty 2 (8.3%)

“Al won’t have creativity needed for fully autonomous research’; “Lack of good taste for
novelty”

Capability / Cost 5 (20.8%)

“Will they be smart enough?”; “Cost”’; “Data access limitations”

Other 2 (8.3%)

“Accuracy in complex research”; “Not reliable”
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Al Scientists Survey

This survey aims to understand how researchers perceive, use, and envision the future of Al Scientists. All responses are
anonymous and will be used for academic research purposes only.

Section 1: Demographics

Q1.* What is your primary research domain?
0 Computer Science [ Physics/Chemistry/Biology  [J Social Science [J Other

Q2.* What is your highest level of education?
0 Undergraduate [ Master’s [ PhD [ Postdoc [ Faculty

Q3.* How many years of research experience do you have?
O<lyear [1-3years [3-5years [J5-10years [J>10 years

Section 2: Current Usage

Q4.* Have you used Al-based systems (LLMs, agents, automated pipelines) to assist with research tasks?
O Frequently [ Occasionally [ Tried a few times [J Never

Q5.* In which research scenarios do you use Al scientists? (Select all that apply)
U Paper writing [ Literature review  [J Coding/debugging [ Experiment design
O Data analysis [ Hypothesis generation [ Tool usage [ Reproducing papers
Q5-b.* Rate Al capability in each module (1=Very poor to 5=Excellent):
Paper writing | Literature review | Coding | Experiment design | Data analysis | Hypothesis generation | Tool usage |
Reproducing papers
Q6.* What types of Al systems do you mainly use? (Select all that apply)

0 General-purpose LLMs (ChatGPT, Claude, Gemini) [J Domain-specific Al tools [J Autonomous research
agents

0 Coding agents (Cursor, Copilot) [J Open-source frameworks (Sakana Al Scientist) [J Deep research

Section 3: Human-AI Collaboration

Q7.* How are you involved when using Al scientists? (Select all that apply)

O Prompting/instruction design ~ [J Intermediate verification [ Providing feedback [ Final decision by human
L] Minimal intervention
Q8.* At which stage is human involvement MOST critical?

0 Task formulation/goal setting [ Planning and reasoning [J Tool execution [ Result interpretation [
Final decision
Q9.* Rate severity of issues (1=Not an issue to S=Extremely severe):

Safety & Reliability | Timeliness & Efficiency | Domain Knowledge & Expertise

Section 4: Future Perspectives

Q10.* What is the single biggest limitation of current Al scientists? (Open-ended)

Q11.* How do you envision Al scientists working with humans in the future?

0 Assistant (human-led) [ Collaborator (equal partnership) [ Supervisor (Al-led) [ Fully autonomous [
Not sure

Q12.* What concerns you MOST about the future of Al scientists? (Open-ended)

Q13.* When will Al scientists reach superhuman-level performance in your field?
0 Within 1 year [ Within 3 years [ Within 5 years ] Within 10 years [ Never/Not possible

Q14. Any additional comments or suggestions? (Optional)

Q15.* Do you agree to allow your responses to be used for academic research? [ Yes, I agree [ No

Figure 9: Complete survey questionnaire. Questions marked with * were required.
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