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Abstract

This survey asks how far AI Scientist systems
are from changing the world, and argues that
their impact should be evaluated not by whether
they produce plausible papers, but by whether
they produce auditable research trajectories that
can be inspected, reproduced, and challenged.
We first provide a definition of AI Scientists,
distinguish them from adjacent scientific AI
systems, and organize the field around four core
capabilities: knowledge acquisition, hypothesis
generation, experimental validation, and evo-
lution. We further synthesize representative
systems by autonomy, execution grounding, au-
ditability, human control, and evidence level.
The resulting picture shows a field moving from
prompt-to-paper automation toward auditable
research laboratories, where executable ground-
ing, provenance, and human-governed auton-
omy become central. We conclude by identi-
fying open challenges toward trustworthy AI-
driven science and providing a roadmap for in-
tegrating AI Scientists into the future landscape
of scientific discovery.

1 Introduction

Scientific discovery has long advanced in step with
the development of tools (Figure 1). While tra-
ditional instruments have expanded human per-
ception into both macroscopic and microscopic
scales (Krauss, 2025), the process of scientific dis-
covery has remained largely human-driven (Gauch,
2003). Over time, this workflow has become in-
creasingly strained by finite human cognitive ca-
pacity (Marois and Ivanoff, 2005) and the over-
whelming growth of scientific literature (Szalay
and Gray, 2006; Baker, 2016).

With the advent of computing technology, re-
searchers have pursued the automation of scien-
tific discovery since the 1950s. Early systems
such as Logic Theorist (Newell and Simon, 1956)
showed that rule-based reasoning and heuristic
search could generate mathematical proofs. In sub-
sequent decades, expert systems often translated
domain knowledge into logical rules, enabling au-
tomated reasoning in well-defined scientific set-
tings, such as chemical structure elucidation and
analytical decision-making (Lindsay et al., 1993;
McDermott, 1982).

As computational resources increased and dig-
ital data became more abundant, data-driven ap-
proaches began to complement the earlier rule-
based systems (Langley, 1977). These approaches
demonstrated the potential of automatic discov-
ery within curated inputs and simplified assump-
tions (Langley, 1987). The emergence of deep
learning in the early 2010s has significantly ex-
panded the scope of automatic scientific discov-
ery (King et al., 2009; LeCun et al., 2015). Founda-
tion models, trained on large-scale scientific data,
have demonstrated strong capabilities in both un-
derstanding and generating scientific content (Belt-
agy et al., 2019; Bi et al., 2024).

In parallel, the integration of these foundation
models with agentic frameworks (Yao et al.,
2023) and automated experimental infrastruc-
tures (Jumper et al., 2021; Mieszczanek et al.,
2024; Abolhasani and Kumacheva, 2023) has en-
abled closed-loop systems capable of iteratively
proposing, testing, and refining scientific hypothe-
ses (Angello et al., 2024). This progress is pro-
pelling automated scientific discovery to a new
level, giving rise to the concept of the AI Scien-
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Figure 1: Timeline of automated scientific discovery. Automated scientific discovery has progressed from rule-based reasoning
to closed-loop AI Scientist systems that integrate knowledge acquisition, hypothesis generation, validation, and evolution.

tist (Lu et al., 2024).

An AI Scientist is an autonomous, goal-directed
system that coordinates multiple stages of the sci-
entific discovery process (Kitano, 2021; Lu et al.,
2024). In traditional AI breakthroughs, humans
define the scientific objective and success criteria,
while machine learning models serve as specialized
tools within that workflow (Wang et al., 2023). An
illustrative example is AlphaFold (Jumper et al.,
2021), which solves the task of protein structure
prediction with near-experimental accuracy. By
contrast, an AI Scientist aims to coordinate re-
search trajectories: it can identify knowledge gaps,
formulate hypotheses, design experiments, inter-
pret results, record failures, and iterate on its find-
ings (Lu et al., 2024). This architecture can accel-
erate hypothesis–test–revise cycles and support
systematic exploration of high-dimensional design
spaces beyond human intuition, thus reshaping how
scientific questions are explored (Romera-Paredes
et al., 2024; Weng et al., 2026).

Over the past two years, the development of
AI Scientist systems has accelerated across mul-
tiple disciplines (Szymanski et al., 2023; Oh et al.,

2025; Swanson et al., 2025; Yamada et al., 2025;
Yang et al., 2023). Stanford University’s Virtual
Lab (Swanson et al., 2025) organizes multiple
large language model agents into a team structure
and enables automated nanobody design, produc-
ing candidates with improved binding to recent
SARS-CoV-2 variants. The AI Scientist-v2 (Ya-
mada et al., 2025) demonstrates the capacity to
automate a machine-learning research lifecycle
from ideation to manuscript generation. In a con-
trolled experiment coordinated with an ICLR 2025
workshop, one AI-generated manuscript achieved
review scores comparable to accepted submis-
sions (Yamada et al., 2025).

However, the rise of autonomous research
agents is not without peril. The inherent limita-
tions of foundation models may cause AI Scientists
to hallucinate facts with high fluency or introduce
systematic biases, thereby undermining the reliabil-
ity and scientific value of their outputs (Gallegos
et al., 2024; Zhu et al., 2025). Moreover, unlike
human researchers, AI Scientists lack moral con-
straints (Tang et al., 2025b). They are incapable of
making ethical judgments about the societal impli-
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Figure 2: Overview of AI Scientist systems. This survey frames AI Scientists as closed-loop research systems that connect
four core capabilities with enabling technologies, risks, and future directions.

cations of their work, raising concerns about the
potential misuse of these systems (Bengio et al.,
2025). As we stand on the threshold of this new
era, we explore a central question: to what extent
are AI Scientist systems capable of reshaping the
scientific research paradigm, and how far are they
from changing the world?

This survey makes four contributions (Figure 2):
First, we provide a definition of AI Scientists and
distinguish them from adjacent systems (Section 2).
Second, we synthesize representative systems, clar-
ifying what has been demonstrated (Sections 3–4).
Third, we introduce a capability taxonomy across
knowledge acquisition, hypothesis generation, ex-
perimental validation, and evolution, organizing
relevant work into a unified framework for ana-
lyzing how AI Scientists coordinate scientific dis-
covery (Sections 5–8). Fourth, we examine the
technical and governance challenges that must be
addressed as the field moves from prompt-to-paper
automation toward auditable research laboratories
(Sections 9–10). Table 5 summarizes how this sur-
vey differs from existing surveys.

2 Definition

An AI Scientist is an autonomous, goal-directed
system that coordinates multiple substantive stages
of the scientific discovery process, including knowl-
edge acquisition, hypothesis generation, experi-
mental design, execution, analysis, communication,
and iterative refinement.

Conceptually, the AI Scientist represents a shift
in the scientific actor (Figure 3): from a human
scientist who orchestrates tools and instruments, to
an AI system that assumes greater responsibility
for planning, execution, and iteration under hu-
man supervision. They are systems that connect
hypotheses, executable actions, failures, and revi-
sions into a research process that can be inspected
and governed (Table 1).

Specifically, an AI Scientist first acquires scien-
tific knowledge from existing research artifacts to
establish a working representation of a scientific
domain. By integrating accumulated knowledge
with new observations, it then generates novel and
testable hypotheses, which are validated through
scientific tools (Ding et al., 2025), automated exper-
imental platforms (Roch et al., 2018), robotic lab-
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Table 1: What counts as an AI Scientist?

System type Status Boundary test

Scientific tool No Solves one task under
external orchestration.

Paper-writing
agent

Usually
no

Produces manuscripts
without grounded
validation.

AutoML pipeline Adjacent Optimizes predefined
objectives, not research
questions.

Self-driving lab Partial Executes experiments;
needs reasoning and
interpretation.

AI Scientist Yes Coordinates a
hypothesis–test–revise
trajectory.

oratories (Takahashi et al., 2025), code execution,
or simulation. Finally, an evolution mechanism
closes the loop by using self-evaluation signals,
external feedback, and recorded failures to refine
subsequent research decisions. While each capabil-
ity is a mature research area in its own right, this
review focuses on how these capabilities are inte-
grated to endow AI agents with scientific autonomy
and auditable research trajectories.

3 Survey Scope and Methodology

This survey examines AI-driven systems that au-
tomate or coordinate substantive stages of scien-
tific research. We ask four questions: what distin-
guishes AI Scientists from adjacent systems; which
stages of the scientific process they automate; what
evidence supports claims of autonomy and discov-
ery; and what technical, governance, and safety
challenges remain.

We searched ACL Anthology, arXiv, Semantic
Scholar, OpenReview, and project repositories us-
ing terms such as “AI Scientist”, “autonomous
scientific discovery”, “scientific agents”, “auto-
mated research”, “self-driving laboratory”, and “hy-
pothesis generation”. We followed citation links
from representative systems and included recent
preprints when they introduced a concrete system.
We excluded systems limited to generic summariza-
tion, polishing, citation formatting, domain predic-
tion, or hyperparameter optimization unless they
were embedded in a broader research loop.

Each included system was coded by scientific
stage, autonomy, human role, execution ground-
ing, verification, auditability, output artifact, and
evidence level. To avoid conflating visions with

demonstrated capabilities, we classify evidence
from E0 conceptual proposals to E4 externally vali-
dated impact (Table 2). These levels describe what
kind of support exists for a system’s claims. Many
current systems operate at E2–E3, while E4 impact
remains rare and domain-dependent.

4 System Map and Evidence Synthesis

Systems differ not only in capability, but also in
what their demonstrations prove: some generate
artifacts, some execute code or experiments, and a
smaller set exposes a linked trajectory of decisions,
actions, results, and revisions. Table 3 therefore
assigns one evidence level to each entry using the
cumulative rules in Table 2.

5 Knowledge Acquisition

The capability of knowledge acquisition lets an
AI Scientist build and update a working represen-
tation of a domain before proposing research ac-
tions. It supplies the background state for the rest
of the loop: what is known, what remains uncertain,
which tools are available, and which observations
should constrain later hypotheses.

Current systems draw on three main sources.
Structured expert knowledge encodes rules, con-
straints, protocols, or toolchains, continuing the
tradition of symbolic discovery systems such as
Logic Theorist and DENDRAL (Newell and Si-
mon, 1956; Lindsay et al., 1993). Scientific data
and foundation models extend this base by learning
from large-scale literature, images, sequences, and
domain datasets (Beltagy et al., 2019; Taylor et al.,
2022). Retrieval and tool use then allow systems
such as Virtual Lab, Coscientist, and Dolphin to
access literature, online resources, and domain
knowledge during hypothesis generation and ex-
perimental planning (Swanson et al., 2025; Boiko
et al., 2023; Yuan et al., 2025).

This capability involves more than reading pa-
pers into a context window. AI Scientist systems
must turn heterogeneous evidence into a research
context that can support later reasoning. Claims
must be related to methods, datasets and open ques-
tions, and this context must remain revisable as
new observations arrive. For instance, AI Scien-
tist systems based on foundation models provide
broad scientific priors from literature and domain
data (Singhal et al., 2023; He et al., 2025b; Madani
et al., 2023), while retrieval-augmented and agen-
tic designs compensate for static model knowl-
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Figure 3: From human-in-the-loop science to AI Scientist-driven research. AI Scientist-driven research shifts human
involvement from direct execution toward governance over autonomous systems that coordinate instruments, models and data.

Table 2: Evidence levels for AI Scientist claims.

Level Name Criterion

E0 Concept Vision or architecture without a runnable system.
E1 Text demo Ideas, reviews, reports, or papers without grounded execution.
E2 Executable prototype Runs code, tools, simulations, or experiments with measured feedback.
E3 Auditable loop Satisfies the E2 criterion and provides public records that connect the key research

trajectory into an inspectable evidence chain.

E4 Independently validated
result

Satisfies the E3 criterion and provides validation of the scientific result by a team
independent of both the system developers and the authors of the original study.

edge by consulting external evidence during the re-
search process (Lewis et al., 2020; Liu et al., 2024;
Gupta et al., 2024). In systems such as Dolphin
and Coscientist, retrieved papers, web resources,
and databases become part of the scientific context
for later ideation and planning, rather than passive
background text (Yuan et al., 2025; Boiko et al.,
2023).

Conceptually, knowledge acquisition marks the
shift from accessing scientific text to forming a us-
able research context. An AI Scientist therefore
differs from a literature tool when acquired knowl-
edge is repeatedly reorganized and brought to bear
on later research decisions.

6 Hypothesis Generation

Hypothesis generation is the capability to propose
novel and testable research directions from ac-
quired knowledge and observations. It connects
the domain state built during knowledge acquisi-
tion to concrete questions that can be evaluated,
refined, or rejected.

Earlier discovery systems searched closed,
hand-specified spaces (Swanson, 1986; Lindsay
et al., 1993), whereas foundation-model-based sys-
tems support open-ended hypothesis generation
and iterative refinement using retrieved literature,
tool outputs, and experimental feedback (Si et al.,
2025; Lu et al., 2024; Boiko et al., 2023). Repre-
sentative systems implement this process through
two complementary mechanisms:

In generative exploration, systems such as The
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Table 3: Representative AI Scientist systems. We compare demonstrated workflow, execution and records, human involvement,
reported output units, and the highest evidence level fully supported by public evidence. NR means that no overall output count
is reported. Detailed rationales appear in Appendix Tables 4.

System Workflow Execution evidence Human role Reported scale Level

The AI
Scientist (2024)

idea → experiment →
paper

code, logs, generated
artifacts

topic; code template
in focused mode

NR E2

AI Scientist-v2 (2025) tree search → experiment
→ paper

code, search nodes,
results

topic and
experimental
environment

3 workshop-evaluated
papers

E2

DeepScientist (2026) goal → hypothesis →
iterative validation

code, Findings Memory,
iteration records

research goal and
operating
environment

∼5,000 ideas; ∼1,100
validations

E3

Virtual Lab (2025) question → design →
screen → wet lab

discussions, code, scores,
wet-lab data

feedback and
wet-lab validation

92 designs; 2 improved E3

A-Lab (2023) plan → robotic synthesis
→ optimization

instrument results and
failure analyses

targets, constraints,
same-team
reanalysis

57 targets; 353 recipes;
36 syntheses

E3

Coscientist (2023) retrieval → planning →
robotic experiment

retrieval, code, robotics
records

task specification
and supervision

6 chemistry task
classes

E2

SciToolAgent (2025) decompose → plan →
tool use

tool calls and returned
results

problem
specification

4 case-study families;
hundreds of tools

E2

ToolUniverse (2025) execution infrastructure
for upstream agents

API and tool-call records upstream system
supplies decisions

600+ tools E2

autoresearch (2026) edit → timed run →
retain/discard

code, continuous logs,
metrics

initial code,
instructions, metric

NR E2

AutoResearch
Claw (2026)

topic → experiment →
analysis → report

code, failures, citations,
cross-run memory

seven intervention
modes

25 ARC-Bench topics E3

Claw AI Lab (2026) team formation →
experiment → paper

code, data, checkpoints,
rollback

role configuration
and monitoring

5 internal cases E3

AI Scientist and Coscientist combine language
models with literature retrieval, code execution,
and tool use to propose candidate ideas and revise
them through novelty and feasibility checks (Lu
et al., 2024; Boiko et al., 2023).

In structured selection, multi-agent or reviewer-
style workflows assign distinct roles to idea gen-
erators, critics, and domain-specific evaluators, al-
lowing large candidate pools to be filtered before
costly validation. For example, PrimeGen decom-
poses primer design into constraint interpretation,
candidate generation, and thermodynamic and off-
target evaluation (Wang et al., 2026), while Cy-
cleResearcher uses automated review feedback to
iteratively improve research proposals (Weng et al.,
2025). Together, these mechanisms frame hypothe-
sis generation as a search process guided by mem-
ory, constraints, and evaluation signals.

Candidate hypotheses are typically assessed for
novelty, feasibility, clarity, and scientific value (Si
et al., 2025; Guo et al., 2025); although automated
reviewers and agentic critics can scale this assess-
ment, human expert judgment remains important
when evaluation depends on tacit domain knowl-
edge or ambiguous evidence (Weng et al., 2025;

Awasthi et al., 2025).
Conceptually, hypothesis generation is the step

where an AI Scientist moves from representing ex-
isting knowledge to opening a space of possible
discoveries. It is the transformation of a knowledge
state into research directions that can organize at-
tention, resources, and subsequent tests.

7 Experimental Validation

Experimental validation is the capability to design,
execute, and analyze experiments that test gener-
ated hypotheses. It turns an idea into evidence
by translating abstract claims into executable ar-
tifacts, selecting appropriate tools or instruments,
and feeding observations back into the hypothesis–
test–revise loop (Ding et al., 2025; Yamada et al.,
2025; Si et al., 2026).

Current systems validate the generated hypothe-
ses through three linked stages: experiment de-
sign, execution, and result analysis:

First, a system translates a hypothesis into
testable artifacts, such as measurable objec-
tives, experimental conditions, code, or machine-
executable protocols; for example, a materials hy-
pothesis may be converted into synthesis parame-
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ters, measurement plans, and stability targets (An-
gello et al., 2024; Szymanski et al., 2023; Starace
et al., 2025).

Second, the system selects an appropriate en-
vironment for testing the hypothesis and exe-
cutes the experiment. Depending on the research
domain, it may involve code and benchmarks, sim-
ulation or theory-coupled workflows, or robotic
platforms and scientific instruments (Starace et al.,
2025; Liang et al., 2025; Mandal et al., 2025). Exe-
cution may therefore be physical, as in A-Lab and
autonomous microscopy (Szymanski et al., 2023;
Mandal et al., 2025); virtual, as in Virtual Lab
and AMASE’s experiment–theory loop (Swanson
et al., 2025; Liang et al., 2025); or substitutional,
with AI agents approximating human participants
in preliminary social-science studies (Hutson and
Mastin, 2023; Grossmann et al., 2023).

Third, the system interprets the returned ob-
servations, including negative results and failure
records, as evidence for revising subsequent deci-
sions. This feedback mechanism makes systems
such as ChemCrow and A-Lab scientifically mean-
ingful: tool outputs and instrument records serve
not merely as final products, but as constraints on
the next round of reasoning (Bran et al., 2024; Szy-
manski et al., 2023).

Conceptually, experimental validation is what
separates an AI Scientist from a paper-writing or
ideation system. It moves the system from a textual
loop of plausible claims into an empirical loop
where the world can revise, or falsify those claims.

8 Evolution

Evolution is the capability to improve research be-
havior through self-evaluation and external feed-
back (Weng et al., 2025; Yuan et al., 2024; Yamada
et al., 2025). As scientific discovery is iterative,
an AI Scientist must support both short-horizon
refinement within a project and long-horizon ac-
cumulation across projects (Novikov et al., 2025;
Tang et al., 2025a; Shi et al., 2025).

Current AI Scientist systems pursue evolution
through three complementary mechanisms operat-
ing across different timescales:

Within a single project, self-reflection allows
a system to act as both generator and reviewer, it-
eratively revising hypotheses, code or manuscripts
in response to failed checks and evaluator feed-
back, as demonstrated by CycleResearcher and AI
Scientist-v2 (Romera-Paredes et al., 2024; Weng

et al., 2025; Yamada et al., 2025).
Across iterations and projects, planning and

memory mechanisms allocate resources among
candidate directions and preserve previous artifacts,
failed trials and feedback, enabling subsequent
searches to build on accumulated experience (Tang
et al., 2025a; Novikov et al., 2025).

Tool expansion provides a third route by increas-
ing a system’s effective research capacity without
modifying its model weights: systems such as Sc-
iToolAgent and ToolUniverse connect agents to
scientific databases, simulators, theorem provers,
laboratory interfaces, and standardized APIs (Ding
et al., 2025; Gao et al., 2025). Together, these
mechanisms make evolution both cognitive and in-
frastructural, determined by how effectively a sys-
tem incorporates feedback, preserves experience
and acquires reusable scientific capabilities.

Conceptually, evolution gives AI Scientists a
cumulative dimension. A system that only com-
pletes one project remains a powerful automation
pipeline; a system that learns from failures, in-
corporates feedback, and refines future search be-
gins to resemble a developing scientific actor. The
long-term importance of evolution is therefore the
possibility that repeated research attempts become
reusable experience.

9 Discussion

9.1 Enabling technologies for AI Scientist

Their emergence is driven by the co-evolution of
three enabling technologies that operate together
in a closed loop:

First, by integrating information across literature,
foundation models can identify research ques-
tions (Lahat et al., 2023), formulate hypotheses (Si
et al., 2025), and translate ideas into executable
artifacts (Jiang et al., 2026).

Second, automated experimental infrastruc-
ture such as self-driving laboratories (Abolhasani
and Kumacheva, 2023) and robotics (Cooper et al.,
2025), enables repeatable experimentation and pro-
duce high-frequency feedback that can be fed back
to foundation models for refinement.

Third, agentic framework endows foundation
models with the capacity for proactive explo-
ration (Yao et al., 2023). Through task plan-
ning, tool use, memory retrieval, and multi-agent
collaboration, agents can coordinate iterative de-
sign–execute–analyze cycles, enabling end-to-end
research workflows (Yamada et al., 2025).
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Together, these technologies form a scalable
loop: foundation models propose and interpret, au-
tomated laboratories execute and generate data, and
agents orchestrate and verify, thereby giving the
rise to AI Scientist systems (Lu et al., 2024).

9.2 Limitations of current AI Scientist

Current AI Scientist systems inherit limitations
from their underlying foundation models, reduc-
ing their reliability in automated discovery work-
flows (Wang et al., 2023). Training-data bias may
favor well-studied domains and well-resourced in-
stitutions while marginalizing underrepresented
fields and regions (Gallegos et al., 2024; Resnik
and Hosseini, 2025). Hallucinations remain a per-
sistent risk (Ji et al., 2023), particularly in high-
stakes domains such as chemistry, where factual
errors may misdirect physical experiments or pro-
duce unsafe protocols (Tang et al., 2025b; Leong
et al., 2025). Combined with poorly calibrated un-
certainty, which obscures the distinction between
speculation and well-supported conclusions (Ye
et al., 2024), these weaknesses constrain their trust-
worthiness as research contributors.

Beyond model-level weaknesses, current sys-
tems remain limited across the scientific discov-
ery cycle (Weng et al., 2025). During knowl-
edge acquisition, they may summarize literature
without adequately assessing methodological qual-
ity (Kusumegi et al., 2025; Stokel-Walker and
Van Noorden, 2023). In hypothesis generation, they
perform well when objectives and automated eval-
uators are clearly defined (Romera-Paredes et al.,
2024), but their ability to formulate open-ended
problems with less standardized evaluation criteria
remains uncertain (Novikov et al., 2025). Phys-
ical validation can also be costly, particularly in
resource-constrained fields, while long-term evolu-
tion remains unstable and prone to local optima.

Domain coverage is similarly imbalanced.
Most current systems focus on fields with
machine-readable data, well-defined objectives,
and automation-friendly evaluation, such as ma-
chine learning, chemistry, and materials science.
In areas such as the social sciences (Grossmann
et al., 2023), however, research often depends
on qualitative evidence, contextual interpretation,
and competing conceptual frameworks, making
autonomous “optimize-and-verify” workflows dif-
ficult to formulate without standardized bench-
marks (Sourati and Evans, 2023).

9.3 Security risks

AI Scientist systems present security risks. In
sensitive fields such as biology and chemistry, the
potential for AI Scientist systems to be misused is
a significant concern (Urbina et al., 2022). As au-
tonomous agents, these systems lack moral judg-
ment. They could intentionally be employed to
create dangerous substances, manipulate biological
data, or design unsafe medical treatments (Bengio
et al., 2025). Moreover, these systems may con-
tain security vulnerabilities, such as algorithmic
instability or susceptibility to hacking, which could
lead to serious dangers (Debenedetti et al., 2024).
Therefore, ensuring the security of AI Scientist
systems is a key challenge to their widespread ap-
plication (He et al., 2025a).

10 Outlook

Scientific production. The long-term impact of AI
Scientists is a reorganization of scientific discovery
itself. As models, tools, and laboratories become
more tightly coupled, science may move from a
project-then-paper rhythm toward more continuous
closed-loop discovery, where hypotheses, experi-
ments, measurements, and revisions unfold as a
persistent process (Stocker et al., 2025; Musslick
et al., 2025). This would not remove human cre-
ativity, but it could change where it is most needed:
less in routine screening and baseline verification,
and more in framing consequential questions and
interpreting unexpected results.

Scientific evaluation. If AI Scientist systems
can rapidly generate manuscript-like artifacts, the
paper may lose some of its role as the primary ev-
idence of scientific work. Evaluation will need
to move closer to the research process itself: the
hypotheses considered, data used, protocols exe-
cuted, failures retained, and human interventions
made along the way. This shift does not make pa-
pers irrelevant; rather, it makes them summaries
of an underlying trajectory that should itself be
inspectable, reproducible, and open to challenge.

Human role and societal pathway. AI Scien-
tists may develop along two complementary paths.
For individual researchers, they can become person-
alized research partners that help track literature,
explore ideas, run baselines, and preserve project
memory. For society, they can become large-scale
discovery infrastructure for problems that require
sustained search across diverse disciplines. In both
paths, their value will depend on expanding the
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scale of exploration while preserving human re-
sponsibility for problem framing, governance, and
societal purpose.

11 Conclusion

This paper presented a systematic survey of exist-
ing research on AI Scientist systems, providing a
comprehensive overview of advances in the field.
We first critically analyzed current research and
highlighted gaps AI Scientist systems must address
before they can make ground-breaking discover-
ies that solve grand challenges across medicine,
energy, and the environment, thereby changing
the world and reshaping the scientific research
paradigm. Finally, we concluded the survey by out-
lining future directions essential for closing the gap
and advancing the field toward truly autonomous
scientific intelligence.

Limitations

This survey is limited by the fast pace of AI Scien-
tist research. Several systems discussed here are
recent preprints or open-source artifacts, and their
reported capabilities may change as code, evalu-
ations, and independent replications appear. Our
evidence levels are therefore intended as a snapshot
of demonstrated support rather than a permanent
ranking. In addition, the survey emphasizes sys-
tems that coordinate scientific workflows; it does
not exhaustively cover all foundation models for
science, all self-driving laboratory platforms, or all
scientific information-retrieval tools.
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A Detailed Evidence and Mechanism
Comparisons

The main text reports the highest evidence level
fully supported for each representative entry. Ta-
ble 4 gives the public evidence supporting that
level and the evidence missing for the next level.
This distinction prevents isolated logs, same-team
checks, or infrastructure capabilities from being
interpreted as complete auditable research loops or
independent validation.

B Hypothesis Quality Criteria

Hypothesis generation is often the first capability
that makes an AI Scientist appear creative, but a
generated hypothesis is not valuable merely be-
cause it sounds novel. In an AI Scientist workflow,
a hypothesis is a commitment that shapes later re-
trieval, experiment design, resource allocation, and
interpretation (Swanson, 1986; Lu et al., 2024). Its
quality should therefore be judged not only as an
isolated sentence, but as an element in a research
trajectory that can be inspected and challenged.

Novelty concerns whether the hypothesis de-
parts meaningfully from existing work. This does
not mean rewarding superficial novelty or unusual
wording. A useful hypothesis should expose a gen-
uine gap, combine evidence in a way that was not
already obvious, or formulate a question that redi-
rects attention toward an underexplored mechanism
or design space (Swanson, 1986; Romera-Paredes
et al., 2024). Recent studies of AI-generated re-
search ideas often evaluate novelty against expert
judgments and prior literature (Si et al., 2025; Guo
et al., 2025; Awasthi et al., 2025).

For AI Scientist systems, however, novelty
should be accompanied by provenance: the sys-
tem should show which papers, observations, or
failures motivated the proposed direction, so that
reviewers can distinguish a real research opportu-
nity from a recombination of familiar claims.

Feasibility asks whether the hypothesis can be
pursued with available methods, data, instruments,
and budgets. A hypothesis may be imaginative but
scientifically unhelpful if it cannot be turned into
a testable plan. Feasibility is domain dependent:
in machine learning it may depend on datasets,
baselines, and compute (Starace et al., 2025; Ya-
mada et al., 2025); in chemistry or materials sci-
ence it may depend on synthesis protocols, in-
strument availability, and safety constraints (Bran
et al., 2024; Boiko et al., 2023; Szymanski et al.,

2023); in social science it may depend on partici-
pant access, measurement validity, and ethical ap-
proval (Grossmann et al., 2023). This criterion
should not force AI Scientists toward only low-risk
ideas, but it should require them to make the path
from claim to validation explicit.

Clarity and testability connect hypothesis gen-
eration to experimental validation. A clear hypoth-
esis specifies the variables, expected relationships,
assumptions, and conditions under which it should
hold. A testable hypothesis further identifies what
evidence would support it, weaken it, or falsify it.
Vague statements such as “method X may improve
task Y” are easy to generate but difficult to evaluate.
By contrast, a testable hypothesis can be translated
into metrics, controls, benchmarks, protocols, or
measurement plans (Starace et al., 2025). This is
why hypothesis quality cannot be separated from
the later validation stage: a good hypothesis already
carries the shape of a possible test.

Scientific value captures why the hypothesis
matters. Some generated hypotheses are feasible
and clear but scientifically minor: they may opti-
mize a narrow benchmark, repeat a familiar abla-
tion, or produce results whose interpretation would
not change understanding. A valuable hypothesis
should help resolve uncertainty, reveal a mecha-
nism, improve a meaningful capability, or open a
path to downstream applications (Si et al., 2025;
Romera-Paredes et al., 2024). In this sense, the “ex-
citement” criterion used in some idea-generation
evaluations should be interpreted carefully. The
point is not rhetorical excitement, but whether the
hypothesis would justify the attention, cost, and
risk of the subsequent research process.

Grounding is especially important for AI Sci-
entist systems because fluent hypotheses can
hide weak evidence. A grounded hypothesis
should be connected to retrieved literature, domain
constraints, prior failures, or empirical observa-
tions (Lewis et al., 2020; Liu et al., 2024; Gupta
et al., 2024; Yuan et al., 2025). It should also indi-
cate where expert judgment remains necessary, par-
ticularly when the hypothesis depends on tacit do-
main knowledge or ambiguous evidence (Awasthi
et al., 2025).

C Risk and Governance Considerations

The risks of AI Scientist systems are not limited
to incorrect outputs. Because these systems can
retrieve information, plan actions, call tools, gener-
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Table 4: Evidence-level rationales. Each system receives one level based on public evidence. The final column identifies the
missing evidence required for the next level.

System Level Supporting evidence Evidence missing for the next level

The AI
Scientist (2024)

E2 Code experiments produce metrics, journals,
plots, and manuscripts.

Public links among rejected hypotheses, failed
branches, interventions, and final claims.

AI Scientist-v2 (2025) E2 Agentic tree search runs code experiments and
produces measured results and papers.

A complete trace of explored and rejected
branches, failures, decisions, and conclusions.

DeepScientist (2026) E3 Findings Memory connects ideas, staged
validation, and reported results.

Independent validation of the reported scientific
improvements.

Virtual Lab (2025) E3 Discussions, code, screening scores, and wet-lab
data form an inspectable artifact chain.

Validation or replication outside the original
collaboration.

A-Lab (2023) E3 Robotic synthesis, characterization, active
learning, and failure analysis form an
inspectable loop.

Replication by a team independent of the
original study.

Coscientist (2023) E2 Retrieval, planning, code, and robotics provide
measurable feedback across six task classes.

Public end-to-end trajectories including failed
paths and interventions.

SciToolAgent (2025) E2 Knowledge-graph retrieval selects and executes
scientific tools with recorded returns.

A complete hypothesis-to-validated-conclusion
trajectory.

ToolUniverse (2025) E2 Scientific APIs and tool-call interfaces provide
executable infrastructure.

An auditable end-to-end trajectory from a
concrete host system; infrastructure autonomy is
not rated.

autoresearch (2026) E2 Code edits, fixed-budget runs, metrics, and
retain/discard/crash status are logged.

A broader scientific trajectory beyond
optimizing one fixed metric.

AutoResearchClaw (2026) E3 Failure recovery, result reporting, interventions,
and cross-run memory connect execution and
reporting.

Independent validation beyond benchmark and
model-based evaluation.

Claw AI Lab (2026) E3 Monitoring, artifact inspection, execution
harnesses, and rollback expose a controllable
trajectory.

Independent validation beyond internal cases
and model-based judges.

ate code, operate experimental infrastructure, and
produce publishable artifacts, their risks span tech-
nical reliability, security, scientific institutions, and
social distribution. Governance must therefore ad-
dress the research process as a whole rather than
only screening final manuscripts.

Reliability risks originate from the foundation
models and tools on which AI Scientists depend.
Hallucination can introduce false claims into lit-
erature reviews, protocols, or generated expla-
nations (Ji et al., 2023). Bias in training data
can shape which problems appear promising, of-
ten favoring well-represented domains and well-
resourced communities (Gallegos et al., 2024).
Out-of-distribution generalization remains particu-
larly important at the scientific frontier, where new
molecules, instruments, datasets, or conceptual
frameworks may differ from the model’s training
distribution (Wang et al., 2023). Poor uncertainty
calibration further makes it difficult to distinguish
speculation from well-supported conclusions (Ye
et al., 2024). These risks are amplified in closed-
loop systems because an early error can influence
later hypothesis generation, experimental design,
and interpretation.

Security and dual-use risks become more se-
rious as AI Scientists gain autonomy and tool ac-

cess. In biology, chemistry, medicine, and cyberse-
curity, systems that accelerate discovery can also
lower barriers to harmful procedures or unsafe de-
signs (Urbina et al., 2022; Bengio et al., 2025; Tang
et al., 2025b). Agentic systems introduce additional
vulnerabilities: prompt injection, insecure tool per-
missions, adversarial instructions, or compromised
dependencies may alter research actions or leak
sensitive information (Debenedetti et al., 2024; He
et al., 2025a). These risks require more than con-
tent filtering. They call for sandboxed execution,
restricted tool permissions, risk screening before
sensitive actions, red-team evaluation, and logs that
make the system’s actions auditable after the fact.

Publication and evaluation risks arise because
AI Scientist systems can generate manuscript-like
artifacts at low cost. If such artifacts are evaluated
only through traditional peer review, submission
volume may increase faster than human review-
ing capacity, and fluent writing may obscure weak
evidence (Bianchi et al., 2025). Authorship and
responsibility also become more complex. Current
editorial norms generally hold that AI tools should
not be listed as authors because they cannot assume
responsibility for the work (Springer Nature, 2025).
Human researchers and institutions must remain
accountable for claims, data use and experimental
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Table 5: Comparison with related surveys. Columns indicate whether each survey centrally covers AI/LLM science, scientific
agents, self-driving labs (SDLs), the AI Scientist boundary, the four-capability loop, and auditable research trajectories.

Survey Primary focus AI/LLM Agents SDLs Boundary Loop Audit

Wei et al. (2025) Agentic science ✓ ✓ ✓ ✗ ✗ ✗

Zheng et al. (2025) LLMs in discovery ✓ ✓ ✗ ✗ ✗ ✗

Chen et al. (2025) AI for research ✓ ✗ ✗ ✗ ✗ ✗

Eger et al. (2025) LLM-assisted science ✓ ✗ ✗ ✗ ✗ ✗

Luo et al. (2025) LLMs for research ✓ ✗ ✗ ✗ ✗ ✗

Alkan et al. (2025) Hypothesis generation ✗ ✗ ✗ ✗ ✗ ✗

Zhou et al. (2025) Autonomous agents ✗ ✓ ✓ ✗ ✗ ✗

Zhang et al. (2024) Scientific LLMs ✓ ✗ ✗ ✗ ✗ ✗

Tom et al. (2024) Self-driving labs ✗ ✗ ✓ ✗ ✗ ✗

Ren et al. (2025) Scientific agents ✗ ✓ ✗ ✗ ✗ ✗

Leong et al. (2025) Safe self-driving labs ✗ ✗ ✓ ✗ ✗ ✗

This survey AI Scientist systems ✓ ✓ ✓ ✓ ✓ ✓

safety. This reinforces the need to evaluate AI-
generated research through its trajectory: sources,
decisions, experiments, failures, and human inter-
ventions should be available for inspection.

Privacy and data governance risks are cen-
tral when AI Scientists operate over medical, bi-
ological, educational, or proprietary data. Even
de-identified data may leak sensitive information
or be combined with external sources in ways that
create re-identification risks (Sarkar et al., 2024).
AI Scientist systems also tend to accumulate logs,
intermediate artifacts, and tool outputs, which may
contain private information even when the final
paper does not. Responsible deployment should
therefore apply data minimization, access control,
institutional review, provenance tracking, and care-
ful rules for what can be stored, shared, or reused
across projects.

Institutional and educational risks concern
how AI Scientists may reshape the scientific ecosys-
tem. If access to advanced models, compute, pro-
prietary datasets, and automated laboratories is
concentrated in a small number of institutions,
AI-driven science may widen existing inequali-
ties (Resnik and Hosseini, 2025). At the level of
training, excessive reliance on automated systems
may weaken the development of human skills in
hypothesis formulation, experimental design, data
analysis, and critical review. These risks do not
imply that AI Scientists should be rejected. They
imply that scientific institutions need clearer bound-
aries between automation and human responsibility,
especially in education, authorship, funding, and
high-stakes deployment.

These considerations suggest that governance
should be built into the architecture of AI Scientist

systems. A responsible system should disclose AI
involvement, preserve provenance, record human
decisions, restrict unsafe tool use, and make its
research trajectory available for review. The goal is
to ensure that acceleration remains compatible with
accountability, reproducibility, and public trust.
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