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Abstract

Scientific research is not merely a sequence
of tasks to be automated, but a knowledge-
production process in which claims must re-
main verifiable, criticizable, revisable, and ac-
countable. Yet most AutoResearch systems
remain single scaffolds that collapse genera-
tion, execution, interpretation, and review into
one loop. This survey diagnoses three result-
ing epistemic limits of such architectures: col-
lapsed skepticism, where a single scaffold pro-
duces not only errors but also the narratives
that allow them to survive; unverified transla-
tion from discovery to application, where pro-
posal generation outpaces independent verifica-
tion; and invisible evidence trails, where final
manuscripts hide the failed attempts and post-
hoc decisions that produced them. To overcome
these structural fragilities, we propose a shift
from autonomous Al scientists to Al research
communities, where specialized agents, shared
memory, inspectable artifacts, and governance
checkpoints distribute epistemic labor. We
synthesize AutoResearch as a transition from
metric-driven search loops to Al-scientist work-
flows, domain-mediated discovery, research in-
frastructure, and accountable human—AlI co-
evolution. Across these layers, we argue for
a fundamental shift from productivity-centered
evaluation to verifiability-centered evaluation.

1 Introduction

Large language models are changing the unit of
scientific automation. Recent AutoResearch sys-
tems go beyond isolated assistance in retrieval,
summarization, coding, or data analysis: they at-
tempt to close the research loop by generating hy-
potheses, designing experiments, executing code
or laboratory protocols, analyzing results, draft-
ing manuscripts, and sometimes reviewing their
own outputs (Lu et al., 2024; Yamada et al., 2025;
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Schmidgall et al., 2025; Gottweis et al., 2026; Gha-
reeb et al., 2026). This shift has produced the
ambition of the Al scientist: an agentic system
that participates in scientific discovery as a semi-
autonomous producer of research artifacts.

Most discussions frame AutoResearch as a capa-
bility question: how many stages of the scientific
workflow can an Al system automate? We argue
that this question is incomplete. Scientific research
is not only a sequence of tasks, but a knowledge-
production process in which claims must remain
verifiable, criticizable, revisable, and accountable.
We therefore frame AutoResearch as an epistemic
and institutional design problem: when Al systems
participate in scientific inquiry, what structures are
needed to keep Al-generated claims grounded in
evidence and trusted by human scientific communi-
ties? This framing follows a social-epistemic view
of science: reliable knowledge is not produced by
isolated cognition alone, but by organized criticism,
shared memory, evidential accountability, and in-
stitutional responsibility.

The emerging landscape spans several system
classes. Metric-driven systems optimize code, algo-
rithms, prompts, or empirical software under evalu-
ation feedback (Jiang et al., 2025b; Novikov et al.,
2025; Aygiin et al., 2026; Jain et al., 2026). Al-
scientist workflows connect literature grounding,
hypothesis generation, experimentation, analysis,
and writing (Lu et al., 2024; Yamada et al., 2025;
Jansen et al., 2025; Kon et al., 2025). Domain and
laboratory-mediated systems extend this loop into
biomedical, chemical, robotic, and experimental
settings (Boiko et al., 2023; Darvish et al., 2025;
Panapitiya et al., 2025; Ghareeb et al., 2026; Huang
et al., 2025). Infrastructure-oriented systems add
persistent memory, shared reports, reusable skills,
methodological graphs, research objects, and claim-
level auditing (Lyu et al., 2026; Yang et al., 2026a;
Schmidgall and Moor, 2025; Wu et al., 2026b;
Binkyte et al., 2026). Figure 1 gives the chronolog-
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ical counterpart to this landscape.

Yet stronger automation does not by itself imply
reliable knowledge production. A system may com-
plete a plausible research workflow while selecting
weak benchmarks, misusing metrics, leaking data,
misinterpreting results, or hiding failed attempts
inside a coherent manuscript (Luo et al., 2025b;
Jiang et al., 2025a; Rios-Garcia et al., 2026). The
core difficulty is epistemic: many systems collapse
generation, execution, interpretation, review, and
memory into one scaffold. Such integration is ef-
ficient for automation, but fragile as a basis for
scientific reliability.

We make three contributions. First, we syn-
thesize AutoResearch as a transition from metric-
driven search loops to Al-scientist workflows, do-
main and laboratory-mediated discovery, research
infrastructure, and human—AlI research communi-
ties. Second, we diagnose three epistemic limits
of single-scaffold AutoResearch: collapsed skep-
ticism, unverified discovery-to-application trans-
lation, and invisible evidence trails. Third, we
propose the Al research community as an orga-
nizing framework for collective AutoResearch,
structured around epistemic division of labor,
community memory, shared artifacts, agent-level
self-governance, and human-accountable over-
sight. Across these contributions, we argue for
a shift from productivity-centered evaluation to
verifiability-centered evaluation: the goal is not
less agent autonomy, but bounded autonomy that
remains inspectable, revisable, and accountable.

2 What AutoResearch Has Automated

AutoResearch has evolved along four layers:
metric-driven search loops, Al-scientist workflows,
domain and laboratory-mediated systems, and re-
search infrastructure. These layers expand automa-
tion from artifact optimization to experimentation,
lab interaction, persistent memory, shared reports,
and claim-level auditing. This section reviews
these layers, while Sec. 4 develops the fifth stage:
human-AI research communities.

The key design axis is not only automation depth,
but also epistemic distribution: whether generation,
execution, review, memory, and governance are
collapsed in one scaffold or separated into auditable
roles and artifacts.

2.1 Metric-Driven Search Loops

The narrowest form of AutoResearch is iterative
improvement under a measurable objective. An
agent modifies an artifact, executes an evaluation
harness, observes a score, and revises the artifact
through repeated search. This differs from ordinary
code generation because the output is not a single
completion, but a search trajectory over candidate
interventions and empirical feedback.

Recent systems instantiate this loop through dif-
ferent search mechanisms. AIDE frames machine-
learning engineering as code optimization and uses
tree search to expand, evaluate, and refine can-
didate solutions under execution feedback (Jiang
et al., 2025b). AlphaEvolve combines LLM-
generated code mutations with evolutionary selec-
tion, retaining algorithmic variants that improve
task-specific evaluators (Novikov et al., 2025).
ERA couples LLM proposal with tree search for
empirical scientific software, optimizing a quality
metric across domains (Aygiin et al., 2026). MLE-
bench and MLAgentBench evaluate whether agents
can close this loop in realistic machine-learning
engineering settings, requiring data preparation, ex-
periment execution, model training, and score im-
provement (Chan et al., 2025; Huang et al., 2023).

The value of this loop is that it gives agents an
external signal beyond linguistic plausibility. Its
boundary is metric myopia: measurable improve-
ment can guide local optimization, but does not
by itself establish novelty, causal understanding,
robustness, or scientific validity.

2.2 Al-Scientist Workflow Systems

Al-scientist systems broaden AutoResearch from
artifact optimization to executable research trajec-
tories. They make scientific texts operational, use
prior work to generate or refine hypotheses, trans-
late ideas into experiments, and produce reports
or manuscripts. This line moves beyond one-shot
assistance: the system is expected to maintain
a research trajectory across literature grounding,
ideation, implementation, evaluation, and writing.

Several systems illustrate this shift. ResearchA-
gent iteratively refines questions, methods, and ex-
perimental plans through literature feedback (Baek
et al., 2025). Co-Scientist organizes hypothesis
generation through interacting agents that gener-
ate, critique, refine, and rank hypotheses under
tournament-style evolution (Gottweis et al., 2026).
Al Scientist integrates idea generation, code imple-

17459



i )

5

Cross-cutting Evaluation & Audit

.D e 3

Infrastructure & Communities

Omniscientist

QIV AgentRxiv
7
Task-level AutoResearch SafeScientist ERA [ Robin
Al Scientist Workflows HypER H AutoLabs AutoResearch G Co-Scientist
c: ReviewRL 32 The Al Scientist-v2 AutoResearch-RL ‘_:‘»:‘j‘“ AutoSOTA
L SAGA b Agent Laboratory FIRE-Bench Im’ ResearchEVO
wj SciToolAgent = ResearchAgent LABBench2 G NORA
AIDE CodeScientist ResearchCodeBench u”ij Medical Al Scientist
AlphaEvolve @ Curie @ MedskillAudit EvoScientist
o . ®
SurveyX q:éa DeepScientist @Y’ Scilntegrity-Bench Intern-Atlas
Pl -
LUJ Autosurvey Agentic Autosurvey L\fj Virtual Lab @ SciCrafter f ARIS
EHCEM BAISBench Biomni ® Claw4Science
hsliSclontist ReplicationBench . ORGANA AI-RO
Ui Scligents BadScientist % Kosmos <% AiraXiv
i . = B
ScienceAgentBench Bt | Al-Researcher h4 AutoResearchClaw
. Coscientist @ MLE-bench InternAgent I Al for Auto-Research
;}Lz. MLAgentBench . AstaBench LUJ CycleResearcher

Figure 1: Release timeline of collective AutoResearch. Works are grouped by year into four coarse lines: task-
level AutoResearch, Al-scientist workflows, infrastructure-oriented communities, and cross-cutting evaluation and
auditability. Appendix Table 4 lists representative works by year and category, while Appendix Table 3 gives the

fuller five-stage map.

mentation, experiment execution, manuscript writ-
ing, and automated review inside a single research
loop (Lu et al., 2024). AI Scientist-v2 replaces a
mostly linear workflow with agentic tree search
over research trajectories, allowing alternative ex-
perimental branches to be expanded, evaluated, and
selected (Yamada et al., 2025). Agent Laboratory
decomposes research assistance into literature re-
view, experimentation, and report writing while
allowing staged human feedback (Schmidgall et al.,
2025). CodeScientist and Curie further empha-
size code-based experimentation, execution feed-
back, and iterative repair (Jansen et al., 2025; Kon
et al., 2025). ResearchEVO, DeepScientist, and
AutoSOTA extend this direction toward longer-
horizon discovery, SOTA-oriented model search,
and automated documentation (Zhao et al., 2026;
Weng et al., 2025b; Li et al., 2026).

These systems show that research workflows can
be partially executable. Their boundary is workflow
self-confirmation: the same scaffold may generate,
execute, interpret, and review a trajectory without
sufficient independent challenge.

2.3 Domain and Lab-Mediated Discovery

AutoResearch also extends beyond purely digital
workflows. In lab-mediated AutoResearch, the

challenge is not simply to let LLMs control robots.
Language becomes the interface that maps scien-
tific goals into protocols, instrument commands,
and code, while translating spectra, logs, measure-
ments, and failed runs back into interpretable sci-
entific claims. Once agents interact with domain
databases, robotic platforms, biomedical assays, or
chemical instruments, the research loop becomes
materially consequential.

Chemistry and biology provide clear examples.
Coscientist couples LLMs with web search, docu-
mentation search, code execution, and chemistry
tools to support autonomous chemical experimen-
tation (Boiko et al., 2023; Zhang et al., 2026). OR-
GANA emphasizes interactive goal clarification
and experimental logging, while AutoLabs and
multiagent robotic chemists explore self-correcting
laboratory execution (Darvish et al., 2025; Panapi-
tiya et al., 2025; Song et al., 2025). Robin and
Virtual Lab show how multi-agent systems can sup-
port biomedical hypothesis generation, experimen-
tal design, and lab-in-the-loop validation (Ghareeb
et al., 2026; Swanson et al., 2025). Biomni and
Medical Al Scientist broaden the biomedical-agent
direction by integrating tools, software, databases,
and specialized scientific workflows (Huang et al.,
2025; Wu et al., 2026a). NORA illustrates a
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complementary pattern in spatial data science: a
harness-engineered research agent with specialist
subagents, state persistence, and domain-specific
execution infrastructure (Zhou et al., 2026). The
boundary here is domain accountability. As agents
consume real materials, operate instruments, trig-
ger costly computations, or suggest biomedical in-
terventions, instruction following alone is insuffi-
cient; trustworthy automation requires safety gates,
reproducibility checks, domain validation, and hu-
man oversight (Tobias and Wahab, 2025).

2.4 From Pipelines to Research Infrastructure

The most recent shift is from isolated pipelines
toward research infrastructure. Once agents repeat-
edly generate ideas, execute experiments, inspect
logs, and revise manuscripts, the central artifact is
no longer only the final paper. The process itself
becomes an object that must be stored, queried, au-
dited, and reused: literature notes, hypotheses, ex-
perimental plans, code versions, parameters, seeds,
logs, failed runs, reviewer objections, and claim-
level evidence links.

Several systems point in this direction. ARIS
introduces an assurance-oriented harness with
executor-reviewer separation, persistent research
state, experiment-integrity checks, and result-to-
claim auditing (Yang et al., 2026a). EvoScien-
tist stores ideation and experimentation memo-
ries so that successful and failed research attempts
can influence future trajectories (Lyu et al., 2026).
AgentRxiv creates a shared preprint-style exchange
layer for autonomous laboratories, allowing re-
ports to be uploaded, retrieved, and reused across
runs (Schmidgall and Moor, 2025). Intern-Atlas or-
ganizes methodological evolution into a graph that
Al scientists can query (Wu et al., 2026b). AI-RO
reframes Al interactions as inspectable research ob-
jects, suggesting that prompts, outputs, model con-
figurations, and metadata should become auditable
components of the scientific record (Binkyte et al.,
2026). Claw4Science and AiraXiv/aiXiv further ex-
tend this direction toward reusable scientific-agent
skills and publication infrastructures for human
and Al scientists (Xu et al., 2026; Pan et al., 2026;
Zhang et al., 2025).

Taken together, current AutoResearch has au-
tomated much of the visible workflow of sci-
ence: metric-guided artifact improvement, liter-
ature grounding, hypothesis proposal, protocol gen-
eration, code-based experimentation, tool use, re-
sult analysis, and partial reporting. Yet workflow

automation should not be mistaken for reliable
knowledge production. Most outputs still circulate
within bounded scaffolds, where memory, critique,
validation, and decision-making remain tightly cou-
pled to the producing system. The next section di-
agnoses why this single-scaffold paradigm remains
structurally fragile.

3 The Epistemic Limits of Single-Scaffold
AutoResearch

The limitations of current AutoResearch are not
merely performance gaps. They arise from a struc-
tural coupling: the same scaffold often proposes a
claim, implements the experiment, interprets the re-
sult, writes the paper, and evaluates its own output.
This coupling is efficient for automation, but frag-
ile for science: if the initial framing is wrong, later
stages may optimize, narrate, and defend that fram-
ing rather than challenge it. Following social epis-
temology, scientific objectivity is an achievement
of organized criticism rather than a property of an
isolated knower (Longino, 2020, 2018). Single-
scaffold AutoResearch is thus structurally fragile
because it concentrates the very functions that sci-
entific communities normally distribute.

We organize this fragility around three epistemic
limits. First, generation and review can collapse
into the same trajectory, weakening skepticism.
Second, proposals may be translated into imple-
mentations and conclusions before independent
verification. Third, final manuscripts may hide
the evidence trails, failed attempts, and post-hoc
choices that produced them.

3.1 Collapsed Skepticism in Generation and
Review

Scientific inquiry depends on disciplined skep-
ticism: hypotheses must be tested against evi-
dence, revised under contradiction, and calibrated
to domain-specific standards of proof. Single-
scaffold AutoResearch weakens this discipline
since generation, interpretation, and review are of-
ten performed inside the same trajectory. The sys-
tem that proposes a claim may also choose the ex-
periment, interpret ambiguous results, and produce
the narrative that makes the claim appear credible.

Recent diagnostic evidence suggests that this is
not only occasional hallucination. Rios-Garcia et al.
evaluate LLM-based scientific agents across eight
domains and more than 25,000 runs, finding that
agents can execute workflows while often ignoring
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evidence, showing limited refutation-driven belief
revision, and rarely producing convergent multi-
test evidence (Rios-Garcia et al., 2026). BadSci-
entist similarly shows that fluent research artifacts
can appear convincing while remaining scientifi-
cally unsound (Jiang et al., 2025a). ARIS frames a
related problem as plausible unsupported success:
claims may outrun evidence when executor and
reviewer roles remain too closely coupled (Yang
et al., 2026a). The resulting failure mode is col-
lapsed skepticism: a single scaffold can produce
not only an error, but also the plan, interpretation,
and review that allow the error to survive.

3.2 Unverified Discovery-to-Application
Translation

Even when a research idea is plausible, scientific
knowledge requires more than executing a local
experiment. A claim must survive implementation,
evaluation, consolidation, and application under
conditions not selected to make it look successful.
Single-scaffold systems often compress these steps
into one trajectory, allowing implementation errors,
weak problem formulations, or overfitted discover-
ies to propagate before independent checking.

This bottleneck is visible in code-based scientific
discovery. CodeScientist and related systems show
that end-to-end code-based experimentation is in-
creasingly feasible, but execution quality remains
limiting (Jansen et al., 2025). ResearchCodeBench
makes this limitation explicit: implementing novel
machine-learning contributions requires semantic
understanding of the proposed method, not just syn-
tactically valid code (Hua et al., 2026). Replication-
oriented benchmarks further show that reproducing
or extending published results remains difficult for
autonomous agents (Ye et al., 2025; Bragg et al.,
2025). SciCrafter adds that agents struggle not only
with harder tasks, but also with identifying missing
knowledge and converting discovered regularities
into functional systems (Ziheng et al., 2026). The
structural issue is unchecked translation: proposal
generation often advances faster than verification,
consolidation, and application.

3.3 Invisible Evidence Trails in Final
Manuscripts

Long-horizon research requires memory of what
was tried, what failed, why decisions were made,
and which evidence supports each claim. Single-
scaffold systems may keep local histories, but these
are often optimized for completing the current run

rather than for supporting cumulative scientific
memory. The result is a gap between episodic com-
pletion and developmental accumulation: a system
may finish a paper-like artifact while failing to pre-
serve the evidence needed for future inspection.

This gap is empirically important. Luo et al.
(2025b) identify hidden methodological pitfalls in
Al scientist systems, including inappropriate bench-
mark selection, data leakage, metric misuse, post-
hoc selection bias, and, in their auditing experi-
ment, dataset fabrication. They show that such
failures can be missed when evaluators inspect
only the final paper, because many errors arise
from decisions inside the automated workflow. Ac-
cess to trace logs and generated code substantially
improves overall pitfall detection, raising binary-
classification accuracy from 55.0% to 82.0% and
F1 from 0.51 to 0.81.

Existing systems point toward the needed in-
frastructure. EvoScientist uses ideation and exper-
imentation memories to preserve reusable expe-
rience (Lyu et al., 2026); ARIS treats persistent
state, reviewer—executor separation, and evidence-
to-claim auditing as core infrastructure (Yang et al.,
2026a); and claim-level auditability work argues
that deep research agents should expose explicit
links between claims, evidence, code, data, and in-
termediate outputs (Rasheed et al., 2026). Without
such infrastructure, final manuscripts become evi-
dentially opaque: they report conclusions while hid-
ing the path from hypothesis to evidence to claim.

Together, these limits show why single-scaffold
AutoResearch remains fragile. Reliable AutoRe-
search requires architectures that separate gener-
ation from critique, execution from independent
checking, and final claims from the evidence that
supports them. This motivates the shift from au-
tonomous Al scientists to Al research communities.

4 From Al Scientists to AI Research
Communities

Single-scaffold AutoResearch concentrates too
much epistemic responsibility in one loop. Re-
liable AutoResearch therefore requires distributed
roles, persistent memory, inspectable artifacts, and
layered governance. We shift the unit of analy-
sis from the autonomous Al scientist to the Al
research community: an infrastructure in which
specialized agents generate, test, critique, audit,
and curate research artifacts, while shared mem-
ory and human-accountable institutions make these
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Figure 2 summarizes this institutional shift: the
left panel illustrates the single-scaffold failure
mode diagnosed in Sec. 3, while the right panel
shows how specialized roles, shared artifacts, mem-
ory, and checkpoints turn agent autonomy into an
auditable research process.

This view reframes AutoResearch as an institu-
tional design problem. Instead of asking only how
much research an Al system can perform, it asks
what structures allow agent autonomy to produce
reliable science. It echoes the norm of organized
skepticism, under which scientific claims remain
open to structured criticism rather than being ac-
cepted because they are produced fluently or effi-
ciently (Merton, 1979). For AutoResearch, orga-
nized skepticism must be operationalized through
agent-level critique, peer-agent review, evidence
tracing, artifact inspection, independent audit, and
human oversight at high-stakes decision points.

We define an Al research community through
four interdependent components: (i) specialized
agents that perform distinct epistemic roles with
operational autonomy; (ii) community memory
that preserves successes, failures, objections, and
reusable strategies; (iii) shared artifacts that make
research processes inspectable and reusable; and
(iv) governance mechanisms that support bounded
autonomy through agent self-checking, peer-agent
review, evidence audit, permission control, and hu-
man checkpoints for high-stakes decisions.

Role Function in an Al research community

Idea Proposes research questions, hypotheses, and method
directions (Back et al., 2025; Gottweis et al., 2026; Lyu et al., 2026).
Links ideas to prior work, structured literature, novelty checks, and
supporting evidence (Baek et al., 2025; Ghafarollahi and Buehler,
2025; Yang et al., 2026a).
Exec. Turns plans into code, protocols, experiments, logs, metrics, and
figures (Yamada et al., 2025; Kon et al., 2025; Jansen et al., 2025).
Challenges assumptions, baselines, experimental design,
interpretations, and manuscripts (Zeng et al., 2025; Weng et al.,
2025a; Yang et al., 2026a).
Checks whether claims are supported by evidence, code, data,
citations, and raw outputs (Yang et al., 2026a; Rasheed et al., 2026).
Memory Preserves traces, failures, reusable strategies, reports, skills, and
metadata for future research (Lyu et al., 2026; Schmidgall and Moor,
2025; Xu et al., 2026).

Ground

Critic

Audit

Table 1: Emerging roles for Al research communities.
The table reorganizes recurring functions in current Au-
toResearch systems into epistemic roles for accountable
knowledge production.

4.1 Epistemic Division of Labor

The community view is not merely a multi-agent
version of the Al scientist. Many multi-agent sys-
tems divide labor to improve task success, search
efficiency, or output diversity. An Al research
community instead separates epistemic functions
that should not be collapsed into a single self-
confirming loop. The agent that proposes a claim
should not be the only agent that checks its nov-
elty; the agent that executes an experiment should
not be the only agent that judges whether the re-
sult supports the claim; and the agent that writes
a manuscript should not be the only agent that re-
views it.

This principle is already visible in emerging sys-
tems, although no current system fully realizes the
community ideal. EvoScientist separates ideation,
execution, and memory distillation (Lyu et al.,
2026); ARIS separates executor and reviewer roles
while introducing claim-level auditing (Yang et al.,
2026a); OmniScientist frames scientific discovery
as a human—AlI ecosystem with collaboration, attri-
bution, peer review, and structured knowledge net-
works (Shao et al., 2025); and AgentRxiv explores
shared reports across autonomous agent laborato-
ries (Schmidgall and Moor, 2025). These systems
suggest that collective AutoResearch should be or-
ganized around epistemic roles rather than around
a single end-to-end agent.

Table 1 should not be read as a checklist that ev-
ery system must implement in full. Rather, it shows
how scattered functions in current AutoResearch
can be reorganized into a role structure for account-
able research. Hypothesis generators, knowledge
grounders, and experiment executors form the pro-

17463



duction side of AutoResearch; scientific critics and
claim auditors form the validation side; and mem-
ory curators form the continuity layer that allows
future systems to learn from prior successes, fail-
ures, and objections.

4.2 Community Memory and Shared
Artifacts

A pipeline terminates; a community remembers. If
each AutoResearch run is isolated, systems may
repeatedly explore failed directions, forget useful
strategies, or discard negative results once a final
narrative is produced. Community memory should
therefore preserve not only successful ideas, but
also failed attempts, negative results, reviewer ob-
jections, debugging patterns, validated protocols,
and reusable implementation strategies. EvoScien-
tist offers an early example by maintaining ideation
and experimentation memories across research at-
tempts (Lyu et al., 2026). The community view
generalizes this idea from system-level memory to
shared scientific memory.

Memory must be materialized through shared
artifacts. We identify three artifacts that convert
isolated runs into inspectable community knowl-
edge. An experiment ledger records hypotheses,
plans, datasets, code versions, parameters, seeds,
environments, metrics, logs, failed runs, and aban-
doned directions. A claim—evidence graph links
each major claim to supporting citations, retrieved
passages, datasets, code artifacts, raw outputs, anal-
ysis scripts, and figures. A community exchange
layer makes reports, skills, protocols, and traces
available beyond a single run or agent laboratory.

ARIS illustrates the first two artifacts through
experiment-integrity checks, result-to-claim map-
ping, and paper-claim auditing (Yang et al., 2026a).
AgentRxiv illustrates the third by allowing agent
laboratories to upload and retrieve reports from
a shared preprint server (Schmidgall and Moor,
2025). Claw4Science provides a complementary
ecosystem perspective, treating reusable scientific-
agent skills as shareable units while exposing gov-
ernance challenges such as skill quality, repro-
ducibility, dependency control, and naming con-
flicts (Xu et al., 2026). AI-RO similarly sug-
gests that prompts, outputs, model configurations,
and metadata should be treated as inspectable
research objects rather than invisible interaction
traces (Binkyte et al., 2026). Together, these sys-
tems suggest that an Al research community re-
quires not only agents, but also artifacts that make

research inspectable, reusable, and governable.

4.3 Layered Governance for Bounded
Autonomy

Governance is not an optional layer after automa-
tion, but it should not reduce agent communities to
human-controlled pipelines. The goal is bounded
autonomy: agents should autonomously search,
implement, critique, audit, and revise within do-
mains where actions are reversible, evidence is
inspectable, and risks are bounded. A larger agent
community may otherwise enlarge the surface of er-
ror if agents share flawed retrieval results, reinforce
unsupported claims, or reuse unverified skills.

Governance should therefore operate at multi-
ple levels. At the agent level, systems should sup-
port self-checking, uncertainty reporting, tool-use
validation, and peer-agent review. At the claim
level, major claims should be linked to evidence,
code, data, and raw outputs. At the artifact level,
reusable prompts, protocols, datasets, skills, and
reports should carry provenance, versioning, val-
idation status, dependencies, and limitations. At
the institutional level, humans should retain author-
ity over problem framing, high-stakes protocols,
safety-sensitive actions, publication decisions, and
public claims.

The endpoint is not less agent autonomy, but ac-
countable agent autonomy within a research com-
munity. The central design problem is how to or-
ganize agents, memory, artifacts, and governance
so that Al-generated research can be explored au-
tonomously, checked independently, preserved, re-
vised, and trusted.

5 Open Challenges and Design Principles

The community view changes, but does not elim-
inate, the failure surface. Distributed agents may
share biases, memory may preserve selective narra-
tives, artifacts may propagate hidden errors, and re-
sponsibility may become harder to assign. We sum-
marize three design principles: verifiability over
productivity, traceable reuse, and human-governed
co-evolution.

5.1 Verifiability over Productivity

AutoResearch should not be evaluated only by
workflow completion, benchmark improvement, or
manuscript generation. It should be evaluated by
whether its claims can be independently inspected,
reproduced, contested, and revised. A verifiable
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system should expose the evidence, code, data,
failed attempts, reviewer objections, and decision
points that connect a claim to the process that pro-
duced it. Future benchmarks should therefore mea-
sure claim—evidence coverage, provenance com-
pleteness, failure preservation, independent repli-
cation, and audit success rate.

5.2 Traceable Memory and Verified Reuse

Community memory enables cumulative research,
but it can also distort the record if it preserves
only successful runs, polished summaries, or best-
performing configurations. Collective AutoRe-
search therefore needs loss-aware memory: sys-
tems should preserve failures, negative results,
abandoned directions, reviewer objections, and un-
resolved uncertainties. Reusable artifacts also re-
quire verification. Reports, prompts, protocols,
datasets, code, tool wrappers, and executable skills
should carry provenance, versioning, dependen-
cies, validation status, known limitations, and dep-
recation mechanisms. Skill-based systems such
as Claw4Science illustrate both the promise of
reusable scientific-agent skills and the risks of un-
verified reuse (Xu et al., 2026).

5.3 Bounded Autonomy and Human—Agent
Co-Governance

The endpoint of collective AutoResearch should
be neither unconstrained autonomy nor human
micromanagement. It should be a human—agent
epistemic community in which agents retain op-
erational autonomy for search, implementation,
critique, audit, and memory curation, while hu-
mans retain institutional responsibility for prob-
lem framing, domain interpretation, experimental
stewardship, high-stakes approval, and public ac-
countability. Existing systems already show this
need: Agent Laboratory supports staged human
guidance (Schmidgall et al., 2025); ARIS keeps
research direction, evidence validation, and final
submission decisions with humans (Yang et al.,
2026a); and AutoResearchClaw studies targeted
human intervention in autonomous research work-
flows (Liu et al., 2026). Table 2 summarizes these
recurring responsibilities.

As AutoResearch moves into empirical soft-
ware and lab-in-the-loop discovery (Gottweis et al.,
2026; Ghareeb et al., 2026; Aygiin et al., 2026),
high-stakes protocols, sensitive data use, and major
public claims require approval gates, permission
boundaries, and audit trails before the manuscript

Role Responsibility

Framer Sets goals, constraints, and success criteria (Schmidgall et al.,
2025; Yang et al., 2026a).

Interpreter Judges scientific meaning and plausibility (Ghareeb et al., 2026;
Gottweis et al., 2026).

Bounds protocols, data use, lab actions, and safety-sensitive
interventions (Boiko et al., 2023; Darvish et al., 2025; Panapitiya
et al., 2025).

Steward

Auditor Inspects logs, failed runs, evidence trails, and claim—evidence
links (Yang et al., 2026a; Luo et al., 2025b).
Authority Retains responsibility for final claims and accountable use (Yang

et al., 2026a; Liu et al., 2026).

Table 2: Human roles in Al research communities. Hu-
mans retain accountability, while agents keep opera-
tional autonomy for search, execution, critique, audit,
and memory curation.

stage. A practical direction is to organize collective
AutoResearch around research objects: hypotheses,
plans, datasets, code runs, failed attempts, claims,
evidence links, and release decisions. Major claims
should be accompanied by proof-of-work packets
containing retrieved evidence, benchmark choices,
code versions, logs, raw outputs, failed runs, abla-
tions, objections, and revision history.

6 Conclusion

AutoResearch is moving from isolated automa-
tion loops toward integrated research infrastruc-
tures. Metric-driven search, Al-scientist workflows,
domain-specific agents, and lab-mediated discov-
ery show that Al can already participate in litera-
ture grounding, hypothesis generation, code-based
experimentation, and experimental validation. Yet
workflow completion is not scientific reliability:
single-scaffold systems remain fragile when they
collapse skepticism, verification, evidence tracing,
and memory into one loop.

This survey proposed a community view of Au-
toResearch. Rather than asking only how to make
a single Al scientist more autonomous, we should
ask how to organize agents, humans, memories,
artifacts, and governance mechanisms into account-
able research communities. Such communities re-
quire epistemic division of labor, traceable mem-
ory, verified reuse, claim-level evidence, agent
self-governance, and human checkpoints for high-
stakes decisions.

The future of AutoResearch is neither replacing
scientists with Al scientists nor reducing Al agents
to passive tools, but the co-evolution of human and
Al research communities. Collective AutoResearch
should thus be judged not by how much research
it automates, but by whether it builds institutions,
artifacts, and critical interactions through which
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humans and autonomous agents can jointly produce
more reliable, auditable, and beneficial science.

Limitations

This survey focuses on AutoResearch systems that
coordinate scientific workflows through language
models, agents, tools, memory, and research ar-
tifacts. It does not aim to exhaustively catalog
all Al-for-science systems or rank them under a
unified benchmark. Instead, it synthesizes recur-
ring architectural patterns and design dimensions
for accountable collective AutoResearch. Because
the field is rapidly evolving, we emphasize stable
structures such as role separation, shared memory,
inspectable artifacts, and governance rather than a
fixed taxonomy.
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A Development Map of AutoResearch
Systems

Table 3 provides a fuller development map of the
representative AutoResearch systems discussed in
Sec. 2. The table organizes the field by the object
being automated, the loop or organizational form
used by each system class, representative works,
and the remaining boundary or goal of each stage.
It is intended as a compact reference for the paper’s
main synthesis rather than as an exhaustive catalog
of all Al-for-science systems.

B Chronological Overview

Table 4 complements the visual timeline in Fig. 1.
It groups representative works by release year
and by four coarse lines used in the timeline:
task-level AutoResearch, Al-scientist workflows,
infrastructure-oriented communities, and cross-
cutting evaluation or auditability. This chronology
is a visual aid for the paper’s historical narrative;
the stage-based synthesis is given in Table 3.

C Design Space of AutoResearch Systems

Table 5 complements the developmental and
chronological views in Tables 3 and 4. Instead
of ordering systems by stage or year, it separates
two dimensions: automation depth, or how much
of the research workflow is delegated to Al systems,
and epistemic distribution, or whether generation,
execution, interpretation, review, memory, and gov-
ernance remain collapsed or are separated into au-
ditable roles and artifacts. This view highlights
a central gap in current AutoResearch: many sys-
tems deepen automation faster than they distribute
epistemic responsibility.

D Operationalizing Verifiability-Centered
Evaluation
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Stage

Object

Loop / organization

Representative works

Boundary / goal

1. Metric-driven
search loops

Measurable artifacts, code,
algorithms, and empirical
software.

Edit — evaluate — keep/revert
— repeat.

AutoResearch; AIDE; AlphaEvolve;
ERA; AutoResearch-RL (Karpathy,
2026; Jiang et al., 2025b; Novikov

et al., 2025; Aygiin et al., 2026; Jain

et al., 2026). Adjacent task-level tools
include LitLLM, AutoSurvey, SurveyX,
Agentic AutoSurvey, HypER,
ReviewRL, SAGA, and

SciToolAgent (Agarwal et al., 2024;
Wang et al., 2024; Liang et al., 2025;
Liu et al., 2025; Vasu et al., 2025; Zeng
et al., 2025; Du et al., 2025; Ding et al.,
2025).

Metric gains or task
automation may not imply
scientific validity.

2. Al-scientist work-
flow systems

Research trajectories from
idea to report.

Literature — hypothesis —
experiment — analysis —
writing.

Al Scientist; Al Scientist-v2; Agent
Laboratory; ResearchAgent;
CodeScientist; Curie; Co-Scientist;
DeepScientist; AutoSOTA;
ResearchEVO; SciAgents;
CycleResearcher; Al-Researcher;
InternAgent; Kosmos; SafeScientist; Jr.
Al Scientist (Lu et al., 2024; Yamada
et al., 2025; Schmidgall et al., 2025;
Baek et al., 2025; Jansen et al., 2025;
Kon et al., 2025; Gottweis et al., 2026;
Weng et al., 2025b; Li et al., 2026;
Zhao et al., 2026; Ghafarollahi and
Buehler, 2025; Weng et al., 2025a;
Tang et al., 2025; Team et al., 2025;
Mitchener et al., 2025; Zhu et al., 2025;
Miyai et al., 2025).

Workflow completion may
collapse generation,
execution, interpretation,
and review.

3. Domain and lab-
mediated discovery

Domain-specific scientific
tasks, data, instruments, and
protocols.

Hypothesis generation,
experiment proposal, data
analysis, and lab-in-the-loop
validation.

Coscientist; Robin; Virtual Lab;
Biomni; NORA; Medical Al Scientist;
ORGANA; AutoLabs; multiagent
robotic Al chemist (Boiko et al., 2023;
Ghareeb et al., 2026; Swanson et al.,
2025; Huang et al., 2025; Zhou et al.,
2026; Wu et al., 2026a; Darvish et al.,
2025; Panapitiya et al., 2025; Song

et al., 2025).

Domain validity,
reproducibility, and safety
remain difficult to guarantee.

4. Infrastructure and
assurance

Research state, evidence
trails, skills, reports, and
method graphs.

Persistent memory, claim
auditing, shared reports, reusable
skills, and research objects.

EvoScientist; ARIS; AgentRxiv;
Intern-Atlas; Claw4Science; AI-RO;
AiraXiv/aiXiv (Lyu et al., 2026; Yang
et al., 2026a; Schmidgall and Moor,
2025; Wu et al., 2026b; Xu et al., 2026;
Binkyte et al., 2026; Pan et al., 2026;
Zhang et al., 2025).

Evidence trails and reusable
artifacts can remain
incomplete or unverified.

5.  Human-AI re-
search communities

Epistemic roles, community
memory, artifacts, and
governance.

Humans and agents co-produce,
audit, preserve, and revise
scientific claims.

Agent4S and AutoResearch Roadmap
provide roadmap-level framing;
AutoResearchClaw and OmniScientist
point toward community-level
human—AlI research ecosystems (Zheng
et al., 2025; Kong et al., 2026; Liu

et al., 2026; Shao et al., 2025).

The goal is accountable and
beneficial knowledge
production.

Cross-cutting evaluation, integrity, and auditability. MLAgentBench; MLE-bench; ScienceAgentBench; BAISBench; FIRE-Bench; LABBench2; Research-
CodeBench; ReplicationBench; AstaBench; Scilntegrity-Bench; MedSkillAudit; SciSafetyBench; BadScientist; The More You Automate; Rios-Garcia et al.;
SciCrafter; claim-level auditability (Huang et al., 2023; Chan et al., 2025; Chen et al., 2025; Luo et al., 2025a; Wang et al., 2026; Laurent et al., 2026; Hua et al.,
2026; Ye et al., 2025; Bragg et al., 2025; Yang et al., 2026b; Hou et al., 2026; Zhu et al., 2025; Jiang et al., 2025a; Luo et al., 2025b; Rios-Garcfa et al., 2026;
Ziheng et al., 2026; Rasheed et al., 2026).

Table 3: A development map of AutoResearch systems. The table summarizes the field’s expansion from metric-
driven search loops to Al-scientist workflows, domain and lab-mediated discovery, infrastructure and assurance,
and human—AlI research communities. Each stage increases automation scope while leaving unresolved boundaries
around validity, reproducibility, traceability, auditability, and governance.
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Year

Task-level AutoResearch

Al-scientist workflows

Infrastructure and communities

Evaluation and auditability

2023 - Coscientist (Boiko et al., 2023). - MLAgentBench (Huang et al.,
2023).
2024 LitLLM; AutoSurvey (Agarwal Al Scientist (Lu et al., 2024). - -
et al., 2024; Wang et al., 2024).
2025 AIDE; AlphaEvolve; HypER; Al Scientist-v2; Agent Laboratory; AgentRxiv; aiXiv; MLE-bench; ScienceAgentBench;
ReviewRL; SAGA; SurveyX; ResearchAgent; CodeScientist; OmniScientist (Schmidgall and BAISBench; SciSafetyBench;
Agentic AutoSurvey; Curie; DeepScientist; SciAgents; Moor, 2025; Zhang et al., 2025; ReplicationBench; AstaBench;
SciToolAgent (Jiang et al., 2025b;  CycleResearcher; Al-Researcher; Shao et al., 2025). BadScientist; The More You
Novikov et al., 2025; Vasu et al., InternAgent; Kosmos; SafeScientist; Automate (Chan et al., 2025; Chen
2025; Zeng et al., 2025; Du et al.,  Jr. Al Scientist; Virtual Lab; et al., 2025; Luo et al., 2025a; Zhu
2025; Liang et al., 2025; Liu et al., Biomni; ORGANA; et al., 2025; Ye et al., 2025; Bragg
2025; Ding et al., 2025). AutoLabs (Yamada et al., 2025; et al., 2025; Jiang et al., 2025a; Luo
Schmidgall et al., 2025; Baek et al., et al., 2025b).
2025; Jansen et al., 2025; Kon et al.,
2025; Weng et al., 2025b;
Ghafarollahi and Buehler, 2025;
Weng et al., 2025a; Tang et al.,
2025; Team et al., 2025; Mitchener
et al., 2025; Zhu et al., 2025; Miyai
et al., 2025; Swanson et al., 2025;
Huang et al., 2025; Darvish et al.,
2025; Panapitiya et al., 2025).
2026 ERA; AutoResearch; Co-Scientist; AutoSOTA; EvoScientist; ARIS; Intern-Atlas;  FIRE-Bench; LABBench2;

AutoResearch-RL (Aygiin et al.,
2026; Karpathy, 2026; Jain et al.,
2026).

ResearchEVO; Robin; NORA;
Medical Al Scientist (Gottweis
etal., 2026; Li et al., 2026; Zhao

et al., 2026; Ghareeb et al., 2026;
Zhou et al., 2026; Wu et al., 2026a).

Claw4Science; AI-RO; AiraXiv;
AutoResearchClaw; AutoResearch
Roadmap (Lyu et al., 2026; Yang
et al., 2026a; Wu et al., 2026b; Xu
et al., 2026; Binkyte et al., 2026;
Pan et al., 2026; Liu et al., 2026;
Kong et al., 2026).

ResearchCodeBench;
Scilntegrity-Bench; MedSkillAudit;
Rios-Garcia et al.; SciCrafter;
claim-level auditability (Wang et al.,
2026; Laurent et al., 2026; Hua

et al., 2026; Yang et al., 2026b; Hou
et al., 2026; Rios-Garcia et al.,
2026; Ziheng et al., 2026; Rasheed
et al., 2026).

Table 4: Chronological overview of representative AutoResearch-related work. Rows organize works by release
year, while columns separate task-level AutoResearch, Al-scientist workflows, infrastructure-oriented communities,
and cross-cutting evaluation or auditability. The table complements Fig. 1, which gives the visual timeline.

Automation depth

Collapsed

Partially separated

Auditable / distributed

Tool / assistant

Literature, survey, and tool agents such as
LitLLM, AutoSurvey, SurveyX, and
SciToolAgent (Agarwal et al., 2024; Wang
et al., 2024; Liang et al., 2025; Ding et al.,
2025).

Staged human-guided research assistants
and tool-use workflows remain emerging.

Evidence-linked assistants with explicit
provenance and claim grounding remain
emerging (Vasu et al., 2025; Rasheed et al.,
2026).

Agent

Metric or workflow agents such as AIDE,
AutoResearch, and Al Scientist (Jiang et al.,
2025b; Karpathy, 2026; Lu et al., 2024).

Al Scientist-v2, CycleResearcher,
InternAgent, Kosmos, SafeScientist, and Jr.
Al Scientist introduce richer search,
feedback, or safety-aware

workflows (Yamada et al., 2025; Weng et al.,
2025a; Team et al., 2025; Mitchener et al.,
2025; Zhu et al., 2025; Miyai et al., 2025).

Claim-linked agents and research-object
logging remain emerging (Binkyte et al.,
2026).

Multi-agent

Role-prompted teams without independent
audit.

SciAgents, Co-Scientist, Robin, NORA,
and Virtual Lab separate scientific subtasks
across agents or specialist

modules (Ghafarollahi and Buehler, 2025;
Gottweis et al., 2026; Ghareeb et al., 2026;
Zhou et al., 2026; Swanson et al., 2025).

ARIS and AutoResearchClaw point toward
executor—reviewer separation, claim audit,
and targeted human intervention (Yang

et al., 2026a; Liu et al., 2026).

Infrastructure /
community

Shared outputs without strong governance.

AgentRxiv, AiraXiv/aiXiv, Intern-Atlas,
and Claw4Science provide shared reports,
publication layers, methodological graphs,
or reusable skills (Schmidgall and Moor,
2025; Pan et al., 2026; Zhang et al., 2025;
Wu et al., 2026b; Xu et al., 2026).

Proposed Al research community: role
separation, shared memory, artifact audit,
and human governance.

Table 5: Design space of AutoResearch systems. Rows indicate increasing automation depth, from tools and agents
to multi-agent systems and community-level infrastructures. Columns indicate increasing epistemic distribution,
from collapsed workflows to partially separated roles and auditable research communities.
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Dimension lustrative operationalization

Claim-evidence The fraction of identified verifiable claims that are explicitly linked to supporting evidence, such as
coverage data, code, raw outputs, figures, or provenance-grounded citations.

Provenance The fraction of required provenance fields recorded for the artifacts supporting a claim, such as
completeness source, version, parameters, execution environment, and responsible actor.

Failure preservation

The fraction of registered failed or abandoned attempts that are retained with their outcomes and
reasons for termination.

Independent replication

The fraction of sampled claims reproduced by a separate executor under a predefined,
domain-specific protocol and tolerance.

Audit success rate

The fraction of known benchmark issues correctly identified by an independent auditor, with false
positives reported separately.

Table 6: Illustrative operationalizations of verifiability-centered evaluation dimensions.

Component

Protocol

Coverage cutoff

Works publicly available online by May 20, 2026

Primary sources

arXiv, OpenAlex, Semantic Scholar, and Google Scholar

Supplementary source

OpenReview, particularly for benchmark, evaluation, and system papers under active review

Search scope

Autonomous research systems, automation of individual research stages, research infrastructure,
replication, auditing, scientific review, provenance, integrity, and human—AlI research communities

Representative search
terms

“Al scientist”, “AutoResearch”, “autonomous research agent”, “automated scientific discovery”,
v e

“LLM agent scientific discovery”, “LLM agent research automation”, , “autonomous scientific
exploration”

Screening procedure

Programmatic retrieval and deduplication, title-and-abstract relevance screening, manual full-text
eligibility review, and backward and forward citation snowballing

Final decisions

All inclusion, exclusion, and taxonomy decisions were manually verified by the authors

Table 7: Survey literature-selection protocol.
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