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Abstract

Al scientist systems increasingly propose hypothe-
ses, plan experiments, execute analyses, draft pa-
pers, and participate in review-like workflows.
As these systems move from local assistance to-
ward producing claim-bearing scientific artifacts,
aggregate descriptors such as agent count, tool
use, or autonomy no longer specify what a sys-
tem contributes, what artifact it produces, or what
can verify the claims it helps make. We intro-
duce verifier-matched autonomy: the principle
that a system’s apparent autonomy is meaning-
ful only relative to the strength, cost, and la-
tency of the verifier available for those claims.
We develop a three-dimensional framework or-
ganized by research-lifecycle coverage, artifact
type, and verification regime, and use it to po-
sition citation-grounded writing systems, survey
generators, full-paper research pipelines, review
agents, and domain-specific discovery systems.
This framework treats labels such as tool, co-
author, and founder as workflow-specific roles
rather than system-wide properties. We derive
implications for evaluation, provenance, and gov-
ernance, emphasizing closure failure: the risk that
claim-bearing scientific artifacts appear settled be-
fore their underlying claims have been adequately
verified.

1. Introduction

Al scientist systems now span a continuum from local assis-
tance to increasingly autonomous participation in scientific
workflows. They retrieve and synthesize literature, draft
scholarly text, generate reviews, design experiments, ex-
ecute code, analyze results, and in some cases produce
complete research manuscripts (Wang et al., 2024; Liang
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et al., 2025; Asai et al., 2024; Ifargan et al., 2025; Lu et al.,
2024; Schmidgall et al., 2025; Jin et al., 2024; Chamoun
et al., 2024). This expansion creates a conceptual problem:
systems are often described as tools, co-authors, founders,
agents, or autonomous scientists, but those labels do not
specify what the system contributes, what scholarly arti-
fact it produces, or what can verify the claims that artifact
makes.

This distinction matters because scientific artifacts are not
merely outputs. They are the objects through which claims
become visible to reviewers, institutions, authors, and down-
stream readers. A system that proposes a hypothesis, writes
a section, runs a benchmark, or drafts a rebuttal is partici-
pating in different parts of the scientific process and should
be judged under different obligations. A citation-grounded
paragraph, a literature survey, a full paper built from exe-
cuted analyses, and a peer review can all be produced by
language-model agents, but they are not answerable to the
same kind of evidence.

We focus on the claim-bearing layer of Al scientist systems:
the point at which automated workflows become scholarly
artifacts such as sections, surveys, full papers, reports, re-
views, rebuttals, protocols, or structured revisions. We do
not claim that Al scientist systems are only manuscript sys-
tems. Rather, we argue that this layer is central because it is
where automated scientific work is converted into explicit
claims, credit, evaluation, and institutional decisions. If
this conversion is unreliable, an Al scientist can produce a
document that appears scientifically complete even when its
underlying claims remain only partially checked.

The central risk is therefore not only local hallucination.
It is closure failure: the production of a scientific artifact
that linguistically resolves uncertainty before the underlying
science has been adequately resolved. Closure failure can
occur even when individual sentences are fluent, citations
are present, code executes, or a review sounds plausible.
What matters is whether the strength of the artifact’s claims
is matched to the strongest verifier available in the workflow.
By a verifier, we mean any mechanism that can materially
test or constrain a claim: citation support, executable code
and data, a proof assistant, simulator or instrument feedback,
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or external empirical validation.

We call autonomy verifier-matched when a system’s degree
of initiative and the strength of its claims are aligned with
the verifier available for those claims. This framing shifts
attention away from agent count, tool use, or autonomy
as a scalar property. A system can be highly agentic yet
weakly verified, or narrow in scope yet strongly checked.
Conversely, a system may be founder-like in proposing
directions, co-author-like in drafting and revising artifacts,
and tool-like with respect to validation that still depends on
humans, instruments, or external experiments.

Relative to broader surveys of autonomous scientific discov-
ery and research agents (Wei et al., 2025; Zhang et al., 2025),
our goal is not to provide another exhaustive inventory of
systems. We instead isolate the claim-bearing layer of Al
scientist workflows and ask when the autonomy expressed
in a scholarly artifact is warranted by the verifier available
for its claims. This shifts the comparison from system labels
and agent architectures to artifact obligations, claim types,
and verification bottlenecks.

Contributions. We make four contributions. First, we
define a claim-bearing scope for Al scientist systems: the
layer where automated workflows become scholarly arti-
facts that affect review, credit, and institutional decisions.
Second, we introduce and instantiate a three-dimensional
framework based on task coverage, artifact type, and verifi-
cation regime, showing how representative system families
differ in artifact obligations and verifier bottlenecks. Third,
we synthesize the principle of verifier-matched autonomy,
showing why autonomy depends on the strength, cost, and
latency of the available verifier rather than on agent count
alone. Fourth, we derive implications for evaluation, prove-
nance, and governance, including why tool, co-author, and
founder should be assigned to workflow roles rather than
systems as wholes.

2. Scope: The Claim-Bearing Layer

We include systems whose outputs directly shape claim-
bearing scholarly artifacts: citation-grounded passages, lit-
erature reviews, full papers, research reports, peer reviews,
rebuttals, revision plans, protocols, or manuscript-state edits.
This scope is narrower than Al for science as a whole, but it
is not merely about writing style. It concerns the interface
where scientific work is represented as claims that others
may cite, review, reproduce, fund, or trust.

The scope also separates two questions that are often con-
flated. One question is whether an Al system can produce
or execute scientific work. Another is whether the resulting
artifact states only what the evidence can justify. A labo-
ratory controller, molecule generator, or benchmark opti-
mizer may be scientifically important even when manuscript

production is not its primary output. Such systems become
central to our analysis when their outputs are used to support
claim-bearing artifacts, because the relevant question then
becomes how the artifact’s claims are grounded, checked,
and limited.

This distinction helps handle boundary cases. Systems that
automate experiments but do not produce scholarly artifacts
are not core examples of the claim-bearing layer, although
they provide evidence about verification regimes. Systems
that write from completed research materials belong inside
the scope, but should be distinguished from systems that
also generate and validate the underlying research process.
Systems with limited public documentation may still be
important, but they support weaker claims about architec-
ture and reliability than systems with peer-reviewed papers,
technical artifacts, or reproducible repositories.

Evidence tiers and boundary cases. Because Al scientist
systems are documented through heterogeneous sources, we
distinguish the visibility of a system from the strength of
evidence available about it. Peer-reviewed papers and repro-
ducible technical artifacts support stronger architectural and
reliability claims than public demos, official announcements,
or informal repositories. Boundary cases are therefore in-
cluded when they clarify the claim-bearing layer, but not
treated as equally evidential. For example, systems whose
primary output is an experimental loop, a code patch, or a
public workflow demonstration may be informative about
verification regimes without being core examples of claim-
bearing Al scientist systems.

Our comparison therefore asks three questions of each sys-
tem. Where does it intervene in the research lifecycle? What
artifact is it answerable for producing or revising? What ver-
ifier governs the principal claims made by that artifact? The
answer to these questions determines not only where a sys-
tem fits in the landscape, but also what kinds of autonomy
and institutional responsibility are warranted.

3. A Three-Dimensional Map

A useful framework for Al scientist systems should do more
than name examples. It should help position a newly in-
troduced system before it is absorbed into a retrospective
catalog, and it should make clear which comparisons are
meaningful. We therefore organize the landscape along
three dimensions: task coverage, artifact type, and verifica-
tion regime. No single dimension is sufficient on its own.
A system’s location in the research lifecycle does not de-
termine what artifact it produces, and artifact type does not
determine what can verify its claims. Figure 1 summarizes
the framework.
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Figure 1. A three-dimensional map for claim-bearing Al scientist systems. Panel A adapts the research lifecycle into stages at which
systems may intervene. Panel B lists the scholarly artifacts for which such systems may be answerable. Panel C lists representative
verification regimes; these are not a single quality ranking, but they determine what kind of autonomy and claim strength are warranted.

3.1. Task Coverage

Task coverage, shown in Figure 1A, describes where a sys-
tem acts within the research lifecycle. Some systems op-
erate narrowly, for example by drafting citation-grounded
passages or assisting with related-work generation (Wang
et al., 2025a). Survey systems occupy a broader literature-
to-manuscript region: they construct corpora, form outlines,
synthesize sources, and generate long-form reviews (Wang
et al., 2024; Yan et al., 2025; Liang et al., 2025; Chen et al.,
2025a; Wang et al., 2025¢c). Full-paper systems extend
further into hypothesis generation, experiment design, exe-
cution, analysis, and manuscript production (Ifargan et al.,
2025; Lu et al., 2024; Yamada et al., 2025; Schmidgall et al.,
2025; Tang et al., 2025). Review and rebuttal systems oper-
ate later in the cycle, where the relevant state is an existing
artifact together with reviewer comments, criticism, and re-
vision history (Jin et al., 2024; Gao et al., 2025a; Chamoun
et al., 2024).

Task coverage should not be read as a simple autonomy
scale. A review agent is not merely a weaker version of an
end-to-end research pipeline; it is answerable to a different
object and fails in different ways. Likewise, a system that
automates experiments but does not write or revise claim-
bearing artifacts should not be evaluated by the same criteria
as a system that produces a paper from retrieved literature.
The relevant question is not whether a system covers “more”
of the task in the abstract, but where its decisive work occurs
and what later stages need in order to trust or revise that
work.

3.2. Artifact Type

Artifact type, shown in Figure 1B, captures the scholarly
object a system is responsible for producing or revising.
We distinguish four recurrent families in the current litera-
ture. Section-level systems are answerable for local claim—
citation alignment. Survey and literature-review systems
are answerable for corpus selection, synthesis, disagree-
ment representation, and document-level coherence. Full-
paper systems are answerable for the relationship between
manuscript claims and an underlying research process. Re-
view, revision, and rebuttal systems are answerable for cri-
tique, response, and improvement of an existing artifact.

Artifact type matters because each object imposes a dif-
ferent contract. A section writer can appear successful if
each local claim is supported by an appropriate source, but
that criterion is too weak for a survey whose value depends
on coverage, synthesis, and the representation of disagree-
ment. A full-paper agent may produce a rhetorically coher-
ent manuscript while overstating the experimental evidence
behind it. A review agent may generate comments that are
useful and plausible without actually detecting scientific
error. These differences are obscured when systems are
compared only by model, agent count, or output length.

3.3. Verification Regime

Verification regime, shown in Figure 1C, describes what can
check the principal claims made by a system’s artifact. In
formally verifiable symbolic domains, proof assistants can
provide exact feedback once claims are formalized (Feng
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et al., 2026; Ospanov et al., 2025). In executable code-
and-data domains, claims can often be checked through
rerunnable analyses, benchmark harnesses, and provenance
trails (Ifargan et al., 2025; Lu et al., 2024; Schmidgall et al.,
2025). In tool-mediated physical sciences, simulators and
instruments provide strong but still proxy validation (Boiko
et al., 2023; Szymanski et al., 2023; Hill & Ryoo, 2026).
In open empirical biological and clinical domains, decisive
validation may remain external, slow, costly, and ethically
constrained (Google Research & Google DeepMind, 2025;
Roohani et al., 2025; Wang et al., 2025b).

This dimension determines what kind of autonomy is war-
ranted. When the verifier is exact, internal, and cheap to
invoke, more initiative can safely move into the agent loop.
When the verifier is external, delayed, or only indirectly
related to the artifact’s central claims, the system must be
more conservative: it can triage hypotheses, rank experi-
ments, draft protocols, or summarize evidence, but should
not write as though validation has already closed. Similar
task coverage can therefore require different architectures
depending on the verifier. Conversely, systems that look dif-
ferent on the surface may share the same design pressure if
their claims are governed by the same validation bottleneck.

3.4. Using the Map as a Diagnostic

The framework is useful only if it changes how systems
are interpreted. Table 1 illustrates this diagnostic use on
representative systems and system families. The point is not
to provide an exhaustive catalog, but to separate questions
that are often collapsed: what artifact the system produces,
what can check it, what autonomy is warranted, and what
characteristic failure appears if the system overclaims.

The examples draw on citation-grounded writing systems
(Wang et al., 2025a), survey generators (Wang et al., 2024;
Liang et al., 2025; Yan et al., 2025), full-paper research
pipelines (Ifargan et al., 2025; Lu et al., 2024; Yamada et al.,
2025; Schmidgall et al., 2025), review and rebuttal agents
(Jin et al., 2024; Chamoun et al., 2024), formal proof agents
(Feng et al., 2026; Ospanov et al., 2025), tool-mediated
laboratory or simulation systems (Boiko et al., 2023; Szy-
manski et al., 2023; Hill & Ryoo, 2026), and biomedical
proposal systems (Google Research & Google DeepMind,
2025; Roohani et al., 2025). These examples differ in ev-
idence tier; systems with lower public documentation are
used diagnostically to clarify boundary cases, not as equal-
strength empirical baselines.

4. Verifier-Matched Design Lessons

The diagnostic readings in Table 1 expose recurring design
constraints. The architectures that support stronger scien-
tific claims are not simply those with more agents, more

Table 1. Compact diagnostic readings under the three-dimensional
framework. Examples differ in evidence tier; roles are assigned to
artifact—verifier pairs, not to systems as wholes.

Artifact and verifier /
proxy

SCHOLARCOPILOT Section or passage;
retrieved sources and
claim—citation checks

System or family Diagnostic reading

Local co-author for drafting; risk
that citation presence masks weak
evidential adequacy.

AUTOSURVEY, Survey; corpus Synthesis co-author; risk of
SURVEYX, construction, source coverage gaps, smoothed
SURVEYFORGE support, and structured disagreement, or weak research

synthesis checks guidance.

DATA-TO-PAPER,  Full paper or report;
THE AI SCIENTIST, execution traces, logs,

Stronger autonomy for traceable
claims; risk that narrative

AGENT benchmarks, and confidence outruns executed
LABORATORY provenance where evidence.

available
AGENTREVIEW, Review or rebuttal; Reviewer assistant; risk that
SWIF2T review-quality proxies plausible critique is mistaken for

such as human agreement, scientific verification.
usefulness, and
actionability

Formal proof agents Formal claim or proof;
proof-assistant feedback
after formalization

High autonomy after formalization;
risk of plausible prose proofs
without formal validity.

COSCIENTIST,
A-LAB, GRACE

Protocol, experiment, or  Locally autonomous execution;
simulation output; risk that proxy success is mistaken
simulator, instrument, or ~ for final physical truth.
characterization loop

AT CO-SCIENTIST, Hypothesis or ranked

BIODISCOVERYA- experiment; literature,

GENT existing data, and later
empirical validation

Founder-like triage before
validation; risk that speculation is
presented as validated discovery.

tools, or longer context windows. They are systems whose
artifact obligations are aligned with the kind of evidence
and verification their architecture can actually provide.

4.1. Claims Should Not Outrun Their Verifiers

Different scientific claims require different forms of sup-
port. Literature-backed claims can be constrained through
retrieval, citation selection, and support checking. Empirical
performance claims require executable analysis, rerunnable
code, and provenance. Formal claims require proof check-
ing. Causal, biological, or clinical claims may require ex-
ternal experiments that cannot be closed within the agent
loop.

The core design principle is therefore claim-to-verifier
matching. A system should not make stronger claims than
its strongest available verifier can justify. This is why re-
trieval alone is too weak for empirical performance claims,
why code execution is too weak for biological mechanisms
requiring external validation, and why peer-review-like cri-
tique is too weak for establishing factual correctness. When
this matching fails, the system may still produce a fluent
and locally plausible artifact, but the artifact can present
partial evidence as settled science. This is closure failure at
the document level.
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4.2. Project State Is an Accountability Object

Long-horizon scholarly artifacts require more than indepen-
dent generations over a large context window. They depend
on information that must remain available, revisable, and
contestable across many steps: outlines, source selections,
methodological decisions, experimental outcomes, caveats,
reviewer comments, and document edits. Survey systems
increasingly maintain structured representations of source
material and evolving plans, for example through memory-
driven retrieval, attribute trees, or memory-guided writing
(Yan et al., 2025; Liang et al., 2025; Chen et al., 2025a).
Full-paper and manuscript-state systems similarly benefit
from explicit provenance, execution history, and revision
state, as in systems that trace numerical claims to analy-
sis code or track live document edits and reviewer-driven
revisions (Ifargan et al., 2025; Hou et al., 2025).

This is not only a capability issue; it is an accountability
issue. If a limitation discovered late in the pipeline should
narrow the abstract, or if a failed experiment should weaken
the discussion, the system needs a representation of the
dependency between evidence and claim. A larger context
window may make the whole draft visible, but it does not
by itself encode which claims depend on which sources,
analyses, or reviewer decisions. Claim-bearing Al scientist
systems therefore need explicit project state: records of
claims, evidence, uncertainty, and revision dependencies
that can be inspected and updated.

4.3. Critique Is Not Verification

Review and revision agents can improve specificity, cover-
age, actionability, and clarity (Jin et al., 2024; Gao et al.,
2025a; Zhu et al., 2025; Chamoun et al., 2024). Similar
critique loops appear inside survey and full-paper systems,
where reviewer-like agents or rubrics are used to refine
drafts. These loops are useful, but they should not be mis-
taken for verification.

Critique usually operates over representations already avail-
able to the system: the draft, the retrieved sources, the rubric,
or an internal deliberation trace. It can identify that a claim
seems unsupported, poorly framed, or inconsistent with an-
other section. It cannot by itself establish whether an exper-
iment was correctly executed, whether a statistical analysis
is valid, whether a cited source truly supports the claim, or
whether an external biological mechanism has been vali-
dated. Those checks require contact with something outside
the text: data, code, formal proof states, instruments, or
empirical outcomes.

The failure mode is self-confirming criticism. A system
may iteratively polish a manuscript, add caveats, and gener-
ate plausible reviews while leaving the truth conditions of
the central claims unchanged. Evaluation should therefore

distinguish critique that improves perceived quality from
verification that increases epistemic reliability.

4.4. Autonomy Is Coupled to Verifier Strength, Cost,
and Latency

Autonomy should not be treated as a scalar property of a
system. It is a relation between initiative and verification.
In formal domains, once a claim is formalized, the proof
assistant can close parts of the loop internally. In executable
code-and-data domains, agents can rerun analyses, compare
outputs, and trace numerical claims back to code. In phys-
ical sciences, simulators and instruments can close local
loops, but tool success may still be only a proxy for the final
scientific claim. In open empirical biology and medicine,
decisive validation may require wet-lab experiments, patient
cohorts, or clinical procedures outside the agent loop.

This produces a graded view of tool, co-author, and founder-
like behavior. A system may be founder-like when propos-
ing research directions, co-author-like when drafting and
revising artifacts, and tool-like when validating claims that
still require human oversight or external experiments. The
same system can therefore occupy different roles within one
workflow. What matters is not the global label assigned to
the system, but the verifier available for each class of claim
it helps produce.

5. Evaluation: From Local Scores to
Claim-Level Validity

Current evaluations of Al scientist systems remain frag-
mented because they test different artifacts under differ-
ent validators. Citation-grounding benchmarks evaluate
whether generated text is locally supported by sources (Gao
et al., 2023; Funkquist et al., 2023; Ravichander et al., 2025).
Survey benchmarks move toward long-form synthesis, but
still struggle to capture whether the right literature was se-
lected, whether disagreement was represented, or whether
the document offers useful research guidance (Sun et al.,
2025). Execution-backed benchmarks test whether agents
can reproduce analyses, solve scientific tasks, or operate
under external checking (Starace et al., 2025; Chen et al.,
2025b; OpenAl, 2025). Review benchmarks test plausibil-
ity, usefulness, and agreement with human review patterns
(Gao et al., 2025b; Liang et al., 2024; Thakkar et al., 2025).

These evaluations are valuable, but they do not measure a
single underlying quantity called “Al scientist quality.” A
strong result on citation grounding is not evidence that a
system can run valid experiments. A strong result on code
execution is not evidence that the resulting paper states its
contribution honestly. A useful generated review is not
evidence that the review detects consequential scientific
errors. The evaluation object changes with the artifact and
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the verifier.

For claim-bearing systems, a manuscript alone is often too
thin to evaluate, because it hides how claims entered the
document and what supports them. The relevant evaluation
object is therefore not just an artifact, but an artifact together
with its evidential state.

A minimal claim-level evaluation object. A verifier-
matched benchmark should evaluate not only an output
artifact, but the artifact together with its evidential state. A
minimal evaluation bundle should include: (i) extracted cen-
tral claims, (ii) the evidence object attached to each claim,
such as sources, code, data, proof states, instrument outputs,
or external validation records, (iii) the verifier type used to
assess the claim, and (iv) revision history showing whether
later edits preserved, weakened, or overstated the evidential
basis. This bundle makes it possible to evaluate claim disci-
pline: whether the artifact states only what its evidence can
support.

Three benchmark gaps follow. First, current benchmarks
rarely test global artifact coherence: whether the abstract,
methods, results, discussion, and limitations remain scien-
tifically consistent as evidence changes. Second, they rarely
test contradiction handling across sources, even though sci-
entific synthesis often depends on representing disagree-
ment rather than smoothing it away. Third, they rarely test
validator—claim matching: whether the mechanism used to
score an output is strong enough for the kind of claim being
made. Without this third check, systems can appear well
evaluated while their central claims remain under-verified.

Stress tests for closure failure. Evaluation should also
perturb the evidential state and test whether the artifact
updates correctly. If a cited source is removed, a failed
experiment is introduced, a proof state fails, a simulator
objective is revealed to be a proxy, or a reviewer identi-
fies a limitation, the system should propagate the change to
the abstract, contribution statement, discussion, and limita-
tions. Systems that preserve fluent conclusions while their
evidence weakens are exhibiting document-level closure
failure.

6. Governance: Roles, Responsibility, and
Closure Failure

The same framework changes how governance should be
framed. The categories “tool,” “co-author,” and “founder”
should not be assigned to a system as a whole. They should
be assigned to roles within a scientific workflow and, more
precisely, to classes of claims within that workflow. A
system may act as a tool when retrieving sources, execut-
ing code, or performing local checks; as a co-author-like
participant when synthesizing literature, framing contribu-

tions, drafting, interpreting, or revising artifacts; and as a
founder-like participant when proposing directions, prioritiz-
ing hypotheses, or allocating experimental attention. Each
role creates different obligations because each role produces
different claims under different verifiers.

A minimal disclosure unit. A practical disclosure unit is
not merely “Al used,” but a role—claim—verifier—uncertainty
tuple: which role the system played, which claims or artifact
components it shaped, what verifier was available for those
claims, and what uncertainty remained unresolved. This
tuple is small enough to be reported in author disclosures
or artifact cards, but more informative than a binary Al-use
statement.

This role-based view also clarifies responsibility. If an Al
scientist contributes only text polish, ordinary disclosure
may be sufficient. If it selects literature, frames the con-
tribution, proposes hypotheses, interprets results, or drafts
responses to reviewers, then the relevant question is not
merely whether a tool was used, but which claims were
shaped by the system and how those claims can be inspected.
Responsibility becomes difficult to exercise when authors
cannot reconstruct how an idea, citation, caveat, compar-
ison, or inferred limitation entered the artifact. For this
reason, governance should track role, claim, verifier, and
uncertainty together rather than treating Al use as a single
binary disclosure.

Provenance is therefore more than a record-keeping pref-
erence. It is a condition for contestability. In ordinary
scientific practice, reproducibility attaches to data, code,
protocols, and analysis pipelines. In claim-bearing Al sci-
entist systems, important epistemic work also occurs in
retrieval states, prompts, model versions, memory stores,
tool traces, and revision loops. A paper may be experimen-
tally reproducible while remaining procedurally opaque as
a generated artifact. Conversely, a generation trace may be
replayable without showing that the claims it produced were
warranted.

Closure failure is the governance risk that connects these
points. When a system writes with confidence before valida-
tion has closed, institutions may evaluate a finished-looking
artifact rather than the evidence state behind it. This risk
is especially acute if authors use agents to optimize for
reviewer-legible claims while reviewers use similar systems
to generate critique. The result could be a closed loop of
mutually fluent but insufficiently grounded scientific evalua-
tion. Governance should therefore track not only whether
Al was used, but what role it played, what claims resulted,
what verifier was available, and where uncertainty remained
unresolved.
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7. Conclusion

Al scientist systems should not be compared only by agent
count, tool use, or apparent autonomy. The more important
question is what claim-bearing artifact a system produces,
which research tasks it performs, and what can verify its
principal claims. This three-dimensional view clarifies why
superficially similar systems may require different architec-
tures and why systems with similar autonomy claims may
deserve different levels of trust.

The central lesson is verifier-matched autonomy: initiative
should expand only where the corresponding verifier can
constrain the resulting claims. Al scientist systems become
reliable only when their initiative and their claims remain
aligned with the strongest verifier available in the workflow.
Future systems will need not only better models and more
tools, but richer representations of claim status, evidence,
uncertainty, provenance, and revision dependencies. With-
out those structures, faster and more fluent Al scientists may
simply produce more convincing artifacts whose claims
have not been adequately established.

Impact Statement

This paper analyzes Al systems that participate in scientific
writing, review, and research automation. Potential bene-
fits include faster synthesis of scientific evidence, broader
access to research assistance, and improved support for re-
producibility when systems expose provenance and claim
traces. Potential risks include overclaiming, weakened attri-
bution, unreliable review loops, premature trust in generated
artifacts, and institutional confusion about responsibility.
We argue that verifier-matched autonomy, provenance, and
claim-level evaluation are necessary safeguards for reducing
these risks.
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A. Evidence Tiers and Boundary Cases

We use evidence tiers to distinguish a system’s visibility from the strength of claims that can be made about its architecture
and reliability. The tiers qualify how examples are used in the main text; they are not intended as a ranking of scientific
importance. Table 2 summarizes the four tiers used throughout the paper and the kinds of claims each tier supports.

Table 2. Evidence tiers used for representative systems and boundary cases.

Tier Evidence source Claims supported Representative use

T1 Peer-reviewed archival publication or accepted Stronger claims about the reported architecture, evaluation Used as core evidence where artifact, verifier,
conference/journal paper protocol, and observed behavior, limited to what the paper and evaluation are sufficiently described.

documents

T2 Preprint or technical report, especially when ac- Architectural and empirical claims can be discussed, but relia- Used for fast-moving systems where public
companied by code, data, benchmarks, or detailed bility and generality should be caveated technical detail is sufficient for framework
system documentation placement but not final reliability assessment.

T3 Official documentation, repository, product page, Claims about declared functionality, workflow role, and in- Used mainly for boundary cases and
or public technical description without full repro- tended artifact; weak support for reliability or internal archi- deployment-pattern evidence.
ducible evaluation tecture

T4 Informal announcement, demo, blog post, or pub- Visibility and positioning only; not enough for strong claims Used only to explain why a visible system is
lic claim without reproducible technical detail about system behavior excluded from the core comparison or treated

cautiously.

B. Extended Diagnostic Coding

Table 3 gives a compact coding of representative systems and system families. The table is not an exhaustive catalog. Its
purpose is to show how the same framework can be applied across different artifact types, verifier regimes, evidence tiers,
and boundary statuses.

C. Benchmark-to-Verifier Mapping

Table 4 summarizes how benchmark families map to artifact types, verifier proxies, and residual limits. The table supports
the main paper’s claim that there is no single metric of generic Al scientist quality: benchmarks evaluate different artifacts
under different verification assumptions.

Table 4. Benchmark families mapped to artifact types, verifier proxies, and remaining limits.

Benchmark family Examples Primary artifact Verifier / proxy What remains under-tested
Local grounding / claim ALCE, CITEBENCH, HALOGEN (Gao Citation-supported passage or  Citation support, source entailment, Global document coherence,
support et al., 2023; Funkquist et al., 2023; atomic scientific claim or hallucination/support checking  corpus coverage, and
Ravichander et al., 2025) disagreement handling.
Survey synthesis evaluation =~ SURVEYBENCH (Sun et al., 2025) Survey or literature review Reader-oriented or rubric-based Whether synthesis provides
assessment of structure, reliable research guidance

answerability, and informativeness beyond local source support.

Execution-backed science PAPERBENCH, Analysis, reproduction, task Code, data, benchmark harness, ‘Whether generated

tasks SCIENCEAGENTBENCH, solution, or scientific reasoning expert rubric, or external task manuscripts state only what
FRONTIERSCIENCE (Starace et al., trace validator execution or expert validation
2025; Chen et al., 2025b; OpenAl, 2025) supports.

Review and critique MMREVIEW; LLM-review usefulness  Review, feedback, or critique =~ Human agreement, usefulness, Whether critique detects

evaluation studies (Gao et al., 2025b; Liang et al., actionability, or review-quality consequential scientific error
2024; Thakkar et al., 2025) proxy rather than improving

perceived quality.
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Table 3. Extended diagnostic coding of representative systems and system families. “Core” means central to our comparison set;
“boundary” means useful for understanding verification regimes but not always manuscript-first; “adjacent” means relevant to deployment
but insufficiently documented for core technical comparison.

System or family

Status

Primary artifact

Verifier / proxy

Tier

Safe interpretation

SCHOLARCOPILOT (Wang et al.,

2025a)

AUTOSURVEY, SURVEYX, SUR-
VEYFORGE (Wang et al., 2024;
Liang et al., 2025; Yan et al., 2025)

DATA-TO-PAPER (Ifargan et al.,

2025)

THE AI SCIENTIST, AGENT LAB-
ORATORY (Lu et al., 2024; Yamada
etal., 2025; Schmidgall et al., 2025)

AGENTREVIEW, SWIF?T, DEEP-
REVIEW (Jin et al., 2024; Chamoun
et al., 2024; Zhu et al., 2025)

Formal proof agents (Feng et al.,
2026; Ospanov et al., 2025)

COSCIENTIST, A-LAB, GRACE
(Boiko et al., 2023; Szymanski
et al., 2023; Hill & Ryoo, 2026)

Al CO-SCIENTIST, BioDiscov-
ERYAGENT (Gottweis et al., 2025;

Roohani et al., 2025)

Core

Core

Core

Core / boundary by ver-
sion

Core

Domain evidence

Boundary / regime evi-
dence

Boundary / regime evi-
dence

Section or passage

Survey or literature review

Full paper or report

Full paper or research pipeline
output

Review, feedback, or rebuttal sup-
port

Formal proof or formalized claim

Protocol, experiment, simulation,
or lab workflow

Hypothesis, proposal, or ranked
experiment

Retrieved sources and claim—citation
checks

Corpus construction, source support,
and synthesis checks

Code, data, numerical traceability, and
provenance

Execution traces, logs, benchmarks,
and reviewer-like checks

Human agreement, usefulness, action-
ability, and review-quality proxies

Proof-assistant feedback after formal-
ization

Instrument, simulator, or characteriza-
tion loop

Literature, existing data, and later em-
pirical validation

T2

T2

Tl

T2

T1-T2

T2

T1-T2

T2

Local drafting co-
author; does not es-
tablish survey-level
coverage or global
manuscript validity.

Synthesis co-author;
useful for literature
organization, but vul-
nerable to coverage
gaps and smoothed
disagreement.

Strong example of
traceable manuscript
claims; breadth of
autonomous explo-
ration is not the main
claim.

More autonomous
research-loop  be-
havior; claims must
be interpreted rel-
ative to execution
depth and validation
strength.

Reviewer assistant;
critique quality
should not be mis-
taken for scientific
verification.

High autonomy is
more plausible after
formalization; infor-
mal prose proofs re-
main weak without
machine checking.

Shows tool-mediated
verification pressure;
local tool success is
not the same as final
physical truth.

Founder-like triage
before  validation;
should not be de-
scribed as completed
biological discovery
unless  externally
validated.
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