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Abstract. Agentic systems are beginning to reshape scholarly work, e.g., they can now
design experiments, develop mathematical arguments, generate full academic papers, peer
reviews, and rebuttals. This raises a natural question: to what extent can research itself
be automated? The recent history of research automation can be read as a progression
from retrieval and indexing, to citation linking, to summarization, and finally to end-to-end
agentic systems. This survey examines the agentic systems most directly relevant to that
question, namely those whose primary outputs are scholarly artifacts. First, we distill the
recurring engineering principles and architectural patterns in current systems. Second, we
propose a compact conceptual framework for identifying how to map the systems within
the landscape as the field evolves. For the latter, we organize these systems along three
dimensions: the phases of the research process a system covers, the kind of artifacts it
produces, and the verification regime that governs its principal claims. Because this area is
evolving faster than traditional publication cycles can accommodate, we treat the survey as
a living document, updated regularly to track one of the fastest-moving developments in
contemporary research automation.
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1 Introduction

The term “research agent” is now used to describe a rapidly growing and highly heterogeneous
set of systems. Under that single label sits citation-grounded section writers, literature-review
generators, full-paper pipelines, review and rebuttal agents, manuscript-state revision tools, and
broader scholarly copilots. These systems are not minor variants of a single system architecture, but
are technically different solutions for different scholarly tasks, operating under different measures
of quality and requirements for evidence.

The scope. While automating academic research has been an overarching goal for a few decades
[11, 39, 70], progress has only been enabled recently with reasoning models [? ] and agentic
systems[? ], e.g., with [? ]. However, we believe that the familiar distinctions between, e.g.,
reasoning models, single-agent, multi-agent systems, is the wrong point of view to explain the
current landscape. A reviewer-panel system, a planner-executor manuscript pipeline, and a project-
state writing assistant should not be treated as equivalent merely because each distributes work
across multiple roles. Indeed, two systems may both be multi-agent while differing fundamentally
in what they produce (artifact type), which stages of the research process and what field they cover
(research task), how coordination is organized (architecture), and what mechanisms can falsify,
constrain, or block erroneous output (verifier/evaluation).

This survey adopts a deliberately manuscript-centered perspective. We focus on agentic systems
whose primary outputs are scholarly artifacts, ranging from individual sections and literature
reviews to complete papers, peer reviews, rebuttals, and structured revisions. The main questions
we answer are the following two. First, we ask Question 1:

What engineering principles recur across the strongest current systems? (1)
Secondly, we address Question 2:

What conceptual framework allows a newly introduced system to be mapped in the landscape )

as the field continues to evolve? @
To answer the first question, we distill the design principles and architectural patterns that repeat-
edly emerge across state-of-the-art systems. To answer the second, we organize the space along
three axes: which phases of what research lifecycle a system covers, the artifacts it produces, and
the verification regime that governs its principal claims.

From an historical perspective, research automation was a progression from retrieval and indexing,
to citation linking, to summarization, and finally, recently, to end-to-end agentic systems. Across
all of these stages, one constraint recurs: generated scholarly text must remain tied to external evidence
strong enough to justify its claims. The central question for a research agent is therefore not how
autonomous it appears, but whether the scope of its manuscript claims is matched to the strongest
verifier the architecture can actually bring to bear. When that match breaks, the result is not merely
hallucination in the narrow sense, but a document that presents itself as scientifically resolved
before the underlying science has in fact been adequately resolved. Local quality is not global
manuscript validity. Later in the paper, we analyze this document-level failure as closure failure.
Accordingly, the way we contribute with this manuscript is by



¢ Defining a clean comparison set for such systems,
* Proposing a comparison framework for the new ones,

* Arguing in Section 7 for a different theory of failure and evaluation than the one the field
currently uses.

Because this area is moving substantially faster than traditional publication cycles, we treat the
survey as a living document rather than a static retrospective. New systems appear continuously,
often with uneven documentation, shifting terminology, and changing empirical support. A useful
survey must therefore do more than catalogue examples: it must provide a stable conceptual map
that remains informative even as the underlying landscape changes.

Organization. The remainder of the paper is organized as follows. Section 2 defines the
manuscript-centered scope of inclusion and the evidence tiers used throughout. Section 3 distills
the engineering principles that recur across current systems architectures, thus respoding to
Question 1 above. The following sections address Question 2. Section 4 introduces the paper’s
prospective map, locating systems by task coverage, artifact type, and verification regime. Section 5
then surveys the main system families in practice, corresponding to recurrent artifact types in
the current literature. Section 6 examines how those families change across different verification
regimes, from formally verifiable symbolic domains to open empirical biological and clinical ones.
Section 7 analyzes the fragmented evaluation landscape, and Section 8 turns to structural limits,
epistemic ownership, and institutional choice.
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2 Scope and Evidence Tiers

This survey adopts a strict manuscript-centered criterion for inclusion. We include systems whose
primary function is to generate or revise manuscript-like artifacts: citation-grounded sections,
literature reviews, full papers, review or rebuttal text, or structured edits over a live manuscript
state. To support meaningful comparison, we require enough technical documentation to determine
which phases of the research lifecycle a system covers, what scholarly artifact it primarily produces,
and what verification regime governs its core claims. Systems whose primary output is instead a
code change, a benchmark improvement, or an experimental result without manuscript production
as a first-class objective are excluded from the core comparison set, although they may appear as
contextual examples where helpful.

This definition is intentionally narrower than the broad categories of “Al for science” or “research
automation.” A system that automates laboratory protocols, runs closed-loop experiments, or
produces benchmark results may be scientifically important while still being a different kind of
object from a system whose main role is to write, revise, or critique the paper about those results.
Conlflating these categories obscures the design pressures relevant to each and weakens comparison
on both sides.

Boundary cases. Several systems lie near the boundary of our scope and therefore require explicit
treatment. FARS by Analemma publicly presents itself as an end-to-end system spanning ideation,
experimentation, and paper writing, which makes it relevant to this survey; we therefore include
it as a boundary case, while assigning lower evidentiary weight because the public technical
documentation remains limited [2, 3]. AUTORESEARCH is better understood as an autonomous ML
experimentation loop whose main artifact is an iteratively modified training script together with
measured performance changes, rather than a manuscript [36, 37]. AUTORESEARCH@HOME moves
somewhat closer to a scientific workflow by adding distributed coordination and public reporting,
but manuscript production is still secondary to the experimental loop itself [6, 19, 48]. It is therefore
excluded from the core comparison set.
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Evidence tiers. Each system in our analysis is assigned an evidence tier that qualifies the strength
of the claims we make about its design and performance. The tiers range from peer-reviewed
archival publications (T1), to preprints accompanied by technical artifacts (T2), to official documen-
tation and repositories (T3), and finally to informal announcements or demonstrations without
reproducible technical detail (T4). This distinction is not merely administrative. A system may be
highly visible or influential while still being documented only at T3 or T4; this does not make it
unimportant, but it does limit what can be responsibly claimed about its architecture, empirical
behavior, and validation mechanism. Throughout the survey, we therefore treat public visibility
and evidentiary reliability as distinct properties.

3 Fundamental Principles of Engineering Research Agents

The systems surveyed here do not improve simply by adding more agents, more tools, or longer
context windows. What recurs instead is a smaller set of engineering constraints, imposed by the
kind of scholarly artifact the system must produce and the verification conditions under which it
must produce it. A section writer, a survey generator, a full-paper pipeline, and a review agent
face different constraints because they are answerable to different objects: different evidence
requirements, different correctness criteria, and different points where errors become consequential.
This section reconstructs those constraints from the systems, evaluation landscapes, and failure
modes examined in the sections that follow, and distills them into a set of recurring principles.

3.1 Systems must be designed around manuscript obligations, not agent count.

The primary design object in this survey is the scholarly artifact for which the system is answer-
able. A section-writing system such as SCHOLARCOPILOT is evaluated mainly by claim—citation
alignment at the paragraph level [72]. Survey systems such as AUTOSURVEY, SURVEYFORGE,
SURVEYX, SURVEYGEN-I, ARISE, OPENSCHOLAR, and PAPERQA? are evaluated instead by the
quality of corpus selection, synthesis, contradiction handling, and long-range document coherence
[5,13,42,62,71,79, 83]. Full-paper systems such as DATA-TO-PAPER, AI-RESEARCHER, AGENT
LABORATORY, and THE AI SCIENTIST are judged by how tightly their manuscript claims remain
tied to an executed research process [44, 57, 58, 65, 67, 78]. Review and rebuttal systems such as
AGENTREVIEW, REVIEWAGENTS, and SWIF?T are judged not by direct scientific discovery, but by
the quality, specificity, and usefulness of the critique they produce [12, 23, 35].

What varies across these families is not merely output length, but the contract the architecture
must satisfy: what counts as admissible evidence, which errors are consequential, and where
correction must occur. This is why agent count is an analytically weak descriptor. A reviewer panel,
an outline-driven survey pipeline, and an experiment-writing loop may all be multi-agent while
addressing different scholarly objects under different correctness criteria. The right starting point
for a system design is therefore the manuscript obligation itself. Architectures built around generic
notions of research capability often optimize intermediate proxies such as fluency, local factuality,
or task completion rate, even when those quantities are secondary to the scientific reliability of the
final scholarly artifact.
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3.2 Claims Require Matched Grounding and Matched Verifiers

Across the systems considered here, no single grounding strategy—that is, no single way of tying
manuscript claims to supporting evidence or executable state—is sufficient. Some manuscript
claims are primarily literature-backed and can be constrained through retrieval, citation selection,
and support checking, which explains the central role of retrieval-conditioned generation in
systems such as SCHOLARCOPILOT, OPENSCHOLAR, and PAPERQA?2 [5, 62, 72]. Retrieval alone,
however, is too weak for empirical performance claims. In executable domains, the architecture
must tie writing to code execution, rerunnable analysis, and provenance tracking, as in DATA-TO-
PAPER, AI-RESEARCHER, AGENT LABORATORY, and THE AI SCIENTIST [44, 57, 58, 65, 67, 78]. In
formally verifiable domains, systems such as ALPHAPROOF and APOLLO go further still: the proof
assistant is not merely a tool attached to the loop, but the environment within which meaningful
progress occurs [20, 50]. In tool-mediated and open empirical regimes, by contrast, the verifier
is weaker, slower, or external to the system, and the architecture must be adjusted accordingly
[16,27, 28, 31, 55, 73].

The principle that emerges is therefore stronger than the idea that grounding and verification
are merely two separate design goals. What matters is whether the system can provide a way of
checking claims that matches the kind of claim the manuscript makes. Section 7 identifies the same
problem from the evaluation side as a mismatch between claim type and validator. Architecturally,
that mismatch yields a characteristic failure: the document makes stronger claims than its checking
mechanism can justify. The most serious errors in manuscript agents are rarely due to missing text
generation alone. They arise when manuscript claims outrun the strongest verifier the architecture
can actually bring to bear.

3.3 Coordination Should Follow Real Bottlenecks

The survey does not support a simple single-agent versus multi-agent distinction as a useful
analytical axis. Multi-agent design is widespread, but successful decompositions are not defined
by the number of roles introduced. They are defined by whether the split occurs at a genuine
bottleneck in the research process. In survey systems, that bottleneck may lie between corpus
construction, outline formation, and long-form drafting [13, 42, 79, 83]. In full-paper systems, it may
lie between conceptual analysis, code mapping, execution, and reporting, as in AI-RESEARCHER,
or between exploration and experiment management, as in THE AI SCIENTIST-V2 [44, 67, 78]. In
review systems, the split may separate reviewer, author, and area-chair functions, or distinguish
local evidence gathering from final recommendation [23, 35, 46, 47, 80].

The analogy to human research organizations is therefore useful only in a limited sense, and
it should remain limited. It helps insofar as both humans and agents benefit from division of
labor at points where information, judgment, or checking must be handed off from one stage to
another. It becomes misleading when those role labels are treated as if they were, by themselves, a
theory of good system design. The operative question is not whether the system resembles a social
organization, but whether its decomposition preserves what later stages need in order to integrate
results. When it does not, adding agents merely multiplies coordination surfaces, conflicting
assumptions, and points of integration failure. Coordination should therefore be understood as a
response to real bottlenecks in the workflow, not as a proxy for capability in its own right.
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3.4 Manuscript production requires explicit project state, traceability, and revision memory.

Long-horizon manuscript production requires more than a large context window. Survey gen-
eration, full-paper writing, and revision all depend on information that must remain available,
revisable, and contestable across many steps: outlines, source selections, methodological decisions,
experimental outcomes, claim caveats, reviewer comments, and document edits. Across the systems
discussed here, the recurring response to that pressure is to maintain explicit project state. SURVEYX
uses an AttributeTree to distill and organize source material before generation; SURVEYGEN-I
combines adaptive planning with memory-guided writing; SURVEYFORGE adds memory-driven
retrieval; DATA-TO-PAPER treats manuscript claims as traceable endpoints of an execution history;
and PAPERDEBUGGER tracks live document state and revision history as structured objects rather
than as flat text. [13, 30, 42, 65, 79].

This principle concerns both capability and accountability. Manuscripts evolve: related work
expands, limitations surface late, experiments fail, reviewers expose weaknesses, and claims must
sometimes be narrowed or withdrawn. Without explicit state, continuity can only be approximated
through repeated re-prompting, which is precisely where cross-section drift and forgotten con-
straints emerge. With explicit state, revisions can propagate across the document and leave a clearer
record of how a claim entered the paper. In manuscript agents, persistent state is therefore not a
convenience feature. It is the substrate on which both long-horizon coherence and later provenance
depend.

3.5 Critique Improves Text but Does Not Verify Claims

One of the clearest lessons of review, revision, and rebuttal systems is that critique and verification
must remain distinct. Systems such as AGENTREVIEW, REVIEWAGENTS, MARG, DEEPREVIEW,
CYCLERESEARCHER / CYCLEREVIEWER, and SWIF?T show that role-conditioned review loops can
improve specificity, coverage, actionability, and reviewer-style reasoning [12, 23, 35, 46, 47, 80].
Similar critique loops also appear outside Family IV, for example in ARISE’s rubric-guided revision
cycles and in reviewer ensembles used inside end-to-end systems [44, 57, 78, 83].

Critique, however, operates mainly within the system’s representational space: the draft text, the
retrieved sources, the rubric, or the internal deliberation trace. This limitation is not removed
simply by using a better model. A critique can identify that a claim seems unsupported, poorly
framed, or inconsistent with another section, but it cannot by itself establish whether the underlying
experiment was correctly executed, whether a cited source really supports the claim being made,
or whether the statistical analysis is valid. Those checks require contact with something external to
the text: data, code, formal proofs, or experimental outcomes. This is why the evaluation of review
agents is dominated by usefulness, plausibility, and agreement with human review behavior rather
than by demonstrated correction of scientific error. When critique is mistaken for verification, the
characteristic failure is self-confirming criticism: the prose becomes more polished while the truth
conditions of the manuscript’s central claims remain unchanged.

3.6 Local Validity Does Not Close the Manuscript

The most stable parts of this survey point to a more fundamental limit: manuscript validity is
global, whereas most current validation mechanisms are local. A section may be citation-grounded,
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a computation may run, a proof fragment may be repaired, and a paragraph may receive useful
feedback, while the document as a whole still overstates what has actually been established.
Section 7 makes the evaluative version of this point explicit: current benchmarks do not adequately
test global manuscript coherence or contradiction handling across sources. Section 8 names the
corresponding document-level failure closure failure: the manuscript claims scientific certainty
before the underlying science conclusively demonstrates it.

This principle fills a major gap in the current conceptual skeleton. It helps explain why survey
systems that are locally fluent still struggle with disagreement representation and critical analysis
[7]. It explains why manuscript-state tools can improve local sections without guaranteeing repair
of the paper’s global thesis [30]. It also explains why execution-backed systems still require strong
claim discipline: DATA-TO-PAPER addresses the problem by tightening traceability, whereas the
THE AI SCIENTIST lineage illustrates how a rhetorically complete paper may still depend on the
depth and honesty of the underlying validation [44, 57, 65, 78]. The engineering implication is
not merely that systems need more memory, more critique, or even larger context windows. It is
that future systems will require richer document representations in which claims, evidential status,
uncertainty, and revision dependencies can be propagated across the manuscript as a whole rather
than repaired one span at a time. A larger context window that holds the full document does not
by itself provide that structure: it makes the text visible, but not the dependency relations that
determine whether a revision to one claim should trigger a correction elsewhere.

3.7 Autonomy Is Limited by Verifier Strength, Cost, and Latency

Once the preceding principles are in view, the question of how much autonomy a system can
safely exercise becomes more precise. Safe autonomy does not scale with rhetorical fluency or
with the number of coordinated agents. It scales with the strength, position, and practical cost of
the verifier. In formally verifiable domains, once formalization succeeds, the loop can often be
closed internally, allowing substantial autonomy to shift into proof search and repair [20, 50]. In
executable code-and-data domains, autonomy can extend further because the system can rerun
analyses and compare outcomes, although human oversight remains valuable for framing, novelty,
and error interpretation [44, 57, 58, 65, 78]. In tool-mediated physical sciences, local closure around
simulators or instruments is already weaker, because tool success is only a proxy for the final
scientific claim [16, 28, 64]. In open empirical biology and medicine, where decisive validation
remains external, slow, and expensive, the autonomous role is narrower: triaging hypotheses,
designing ranked experiments, analyzing existing data, and writing with explicit uncertainty rather
than implying that validation has already been completed [27, 31, 55, 73].

The practical conclusion is that autonomy and verifier strength must be treated as coupled de-
sign variables. Attempts to maximize one while holding the other fixed reliably produce the
failure modes catalogued later in the paper: proxy collapse in tool-mediated domains, speculative
manuscript inflation in open empirical settings, and, more generally, the conversion of partial
evidence into prose that reads as settled science.

Taken together, these principles recast research-agent engineering not as the construction of generic
autonomous writers, but as the design of systems whose outputs can be inspected, contested,
and revised along the path from claim to evidence. The strongest current architectures are those
that align coordination with real bottlenecks, maintain explicit project state, attach claims to the
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Figure 1. Research lifecycle map contextualizing manuscript-focused systems within the broader research automation
pipeline. The dashed return arrow marks the iterative nature of the cycle.

strongest available verifier, and remain honest about where closure has not yet been achieved. The
unresolved frontier is making the resulting manuscript a more faithful representation of what the
pipeline has actually established, not merely extending how much of the pipeline the agent covers.

4 A Taxonomy of Research Agent Systems

Section 3 argued that agent count is a weak descriptor of research automation. What is still needed,
however, is a compact way to position a newly emerging system before it is absorbed into a retro-
spective catalog. The taxonomy developed in this survey is therefore three-dimensional. The first
dimension is task coverage, understood as the portion of the research lifecycle in which a system’s
manuscript obligations are concentrated. The second dimension is artifact type, understood as the
primary scholarly object for which the system is answerable. The third dimension is verification
regime, understood as the bottleneck verifier of the manuscript’s principal claims. No single dimen-
sion is sufficient on its own. Taken together, they explain why superficially similar systems may
require different architectures, and why systems that look different on the surface may nonetheless
face the same design pressures.

Research lifecycle map. For orientation, Figure 1 should be read not as a ladder of increasing
autonomy, but as a coordinate map. It is used here to position manuscript-centered systems, not to
broaden the survey to every form of research automation that touches the pipeline. The relevant
question is not whether a system is “more end-to-end” in the abstract, but where its decisive work
is located: near literature discovery and drafting, near execution and analysis, near review and
rebuttal, or across a broader span of the pipeline. A system’s position on this map already says
something about the object its architecture must maintain. Systems concentrated around stages 1
and 7 are organized mainly around source selection and evidence-supported passage generation;
systems extending through stages 2—7 must maintain an evolving project state that ties together
hypotheses, methods, execution traces, and manuscript claims; and systems concentrated around
stages 7-8 are organized around an existing draft, reviewer comments, and revision memory:.
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4.1 Task Coverage as Positional Description

Once the research lifecycle is used in this way, task coverage becomes richer than a simple autonomy
scale. Section-level, evidence-grounded writers such as SCHOLARCOPILOT occupy a narrow region
linking literature triage to manuscript drafting: their central bottleneck is local claim—citation
alignment rather than project-wide scientific closure [72]. Survey and literature-review systems
such as SURVEYFORGE and SURVEYX remain largely on the literature-to-manuscript side of the
map, but with a broader footprint: the relevant architectural object is now an evolving corpus
model and document plan rather than an isolated cited passage [42, 79]. Full-paper systems such
as DATA-TO-PAPER and THE AI SCIENTIST shift the center of gravity toward stages 2-7, because the
manuscript is expected to package an underlying research process rather than retrieved literature
alone [57, 65, 78]. Review, revision, and rebuttal systems such as AGENTREVIEW and SWIF?T, by
contrast, cluster around stages 7-8, where the operative state is an existing manuscript together
with critique and response structure rather than an experimental pipeline [12, 35].

This is why task coverage cannot be reduced to a single scale of autonomy. A system centered
on stages 7-8 is not simply a weaker version of one spanning stages 2-7, and a system centered
on stages 1 and 7 is not merely an early fragment of an end-to-end agent. These systems are
answerable to different scholarly objects, decompose work around different bottlenecks, and fail
in different ways. The lifecycle map is useful precisely because it makes those differences visible
before one asks how many agents, tools, or loops are involved.

4.2 Artifact Type

Task coverage alone does not determine what kind of scholarly object a system is responsible for.
Two systems may occupy nearby regions of the research lifecycle while producing different artifacts
and therefore operating under different standards of success and failure. In this survey, four
recurrent artifact types organize the literature: section-level evidence-grounded writing, survey
and literature-review generation, full-paper and end-to-end research agents, and review, revision,
and rebuttal agents. These are the four families surveyed in Section 5. Artifact type matters because
it changes what counts as acceptable evidence, what kind of coherence must be maintained, and
where correction must occur in the manuscript pipeline.

4.3 Verification Regime

Task coverage and artifact type alone, however, leave a crucial ambiguity. Two systems may
occupy similar regions of Figure 1 and produce similar kinds of scholarly artifacts while differing
fundamentally in what can verify their principal claims. The third dimension of the taxonomy is
therefore the verification regime developed in Section 6: formally verifiable symbolic domains,
executable code-and-data domains, tool-mediated physical sciences, and open empirical biological
and clinical domains. This axis is not a matter of disciplinary label. It concerns what closes the
manuscript’s claims, at what cost and latency, and with what degree of internal versus external
control.

Taken together, these three dimensions yield the actual taxonomy. A system spanning stages 3-7 in
an executable code-and-data domain can be organized around reruns, benchmark harnesses, and
provenance trails, because much of the verification loop can be closed within the agent pipeline;
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System Family Artifact Grounding Verify Evidence Boundary Manuscript Notes
FARS 111 full-paper public work- undisclosed T3 bridge-to- primary  include; low verif. confi-
(bound.) claim flow docs core (claimed) dence

AUTORESEARCH Adjacent project execution env metric loop T3 adjacent  absent do not promote as core

patch manuscript baseline
AUTORESEARCH 1II project execution run report- T3 bridge secondary bridge case; manuscript
@HOME bridge  patch + + shared ing / emerg-  not first-class

shared memory ing

state
DATA-TO- I full-paper execution + provenance metadata- core primary  metadata-adjud.-auto
PAPER structured checks derived  (cand.) v7)

pipeline
SURVEYFORGE I survey retrieved retrieval metadata- core primary  metadata-adjud.-auto
corpus / citation derived  (cand.) v7)
checks
CYCLE v review /  reviewer- revision metadata- core secondary metadata-adjud.-auto
RESEARCHER revision conditioned loop derived  (cand.) (v7)
PAPER \% project live project compiler metadata- core secondary metadata-adjud.-auto
DEBUGGER patch state / editor derived  (cand.) (v7)
checks

PrISM VI advisory  productinte- product metadata- adjacent secondary metadata-adjud.-auto

artifact grations loop derived  (cand.) v7)

Table 1. Representative cross-family sample from the working evidence matrix. this table is not coherent with the paper
and I'd remove it

this is the setting in which architectures such as DATA-TO-PAPER are most intelligible [65]. A
superficially similar stage profile in tool-mediated physical science is structured differently, because
simulators and instruments act as proxy validators rather than final adjudicators: local success in
the tool does not by itself close the manuscript’s claims. In open empirical biological and clinical
research, a comparable task footprint must be more conservative still, because decisive validation
remains external, slow, and expensive; the architecture therefore shifts toward hypothesis triage,
feasibility filtering, and explicit uncertainty rather than strong internal closure. Conversely, in
formally verifiable symbolic domains, once formalization succeeds, verifier-coupled search can
absorb a much larger share of the loop than is possible in open empirical settings. Similar coverage,
then, does not imply similar architecture: the verifier changes what safe autonomy, traceability, and
warranted claim strength can mean.

The four families used in Section 5 remain useful because they name recurrent clusters in this
space: Family I (section-level evidence-grounded writing), Family II (survey and literature-review
generation), Family III (full-paper and end-to-end research agents), and Family IV (review, revision,
and rebuttal agents). But these families are descriptive summaries of the current literature, not
by themselves a sufficient prospective taxonomy. A newly introduced system is positioned most
reliably by specifying its dominant stage footprint, its primary artifact type, and the verifier that
governs its core claims.

5 Systems in Practice
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This section surveys the most representative research agent systems currently documented in the
literature, organized by the four families introduced in Section 4. For each family, we identify the
core systems, describe the architectural choices that distinguish them, and characterize the failure
modes that follow from those choices. The treatment is intentionally selective: only systems that
are analytically informative are discussed in depth. For a summary see Table 1.

5.1 Family I: Section-Level Evidence-Grounded Writing

Family I systems operate at the smallest manuscript scale, producing individual scholarly units such
as related-work paragraphs, introductions, or method sections under explicit evidence constraints.
Unlike higher-level families, they do not attempt to organize or generate a research program as a
whole; their aim is to ensure that local claims are supported by appropriate sources.

The defining challenge in this family is therefore not generation itself, but evidence alignment.
A system may produce fluent academic prose while attaching weak, irrelevant, or hallucinated
citations. The relevant question is not merely whether citations are present, but whether the claims
are supported by the right evidence.

SCHOLARCOPILOT [72] is the strongest recent representative of this family. It jointly models text
generation and citation retrieval within a unified architecture, thereby reducing the mismatch be-
tween what the model writes and the evidence it retrieves. This contrasts with pipeline approaches
that treat retrieval and writing as separate stages.

Complementary work such as Sahinug et al. [56] shows that even in controlled settings, citation-text
generation continues to exhibit substantial gaps in attribution precision, underscoring that local
grounding remains an unsolved problem.

Benchmarks such as ALCE and CITEBENCH are discussed in Section 7, where they function as
evaluation infrastructure rather than as system exemplars.

The characteristic failure mode of this family is citation presence without evidential adequacy: the
text appears well supported, while the underlying references do not in fact justify the claims being
made.

5.2 Family Il: Survey and Literature-Review Generation

Family II systems take a corpus of papers as input and produce a structured long-form synthesis as
output. This distinguishes them from Family I systems, which operate at the level of individual
sections, and from Family III systems, which aim to produce original research contributions. The
central engineering challenge here is not generation per se, but grounded synthesis: covering the
relevant literature without sacrificing citation fidelity, handling contradictions across sources, and
maintaining structural coherence across a document that may span dozens of sections.

AUTOSURVEY [71] established the modern baseline for this family through a pipeline built around
embedding-based retrieval, one-shot outline generation, parallel subsection drafting, and iterative
refinement. SURVEYFORGE [79] extends this design with outline heuristics derived from human-
written surveys and a memory-driven retrieval agent. SURVEYX [42] separates corpus preparation
from generation through an AttributeTree that structures key information before drafting. A more
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recent line of work identifies the residual weakness of these pipeline systems as local coherence
without document-level consistency. SURVEYGEN-I [13] addresses this through adaptive planning
and memory-guided writing, while ARISE [83] introduces an iterative, rubric-guided loop with
peer-review-based refinement.

Some of the strongest evidence on citation quality comes from systems that frame the task as multi-
paper synthesis rather than survey writing alone. OPENSCHOLAR [5] achieves citation accuracy
comparable to human experts on ScholarQABench, against a reported GPT-40 hallucination rate of
78-90%. PAPERQAZ2 [62] has also become one of the most widely used comparative baselines in this
space. SURVEYGEN [7] contributes the largest training dataset currently available for this family
(4,200+ surveys and 242K references) and shows that fully automatic systems still lag behind
humans, especially in citation quality and critical analysis. Secondary systems include LIRA [25],
which treats reliability as a first-class design objective; CHATCITE [40], which is relevant for the
narrower task of comparative literature summarization; and LLM xMAPREDUCE-V3 [68], which
is notable as a modular long-context infrastructure component. Benchmarks for this family are
discussed in Section 7.

Family II systems repeatedly perform well on fluency while underperforming on informational
value and research guidance. The right diagnosis therefore separates three capabilities that surface
metrics often conflate: citation support linkage, conflict resolution across sources, and global
structural coherence.

5.3 Family lll: Full-Paper and End-to-End Research Agents

Family III systems aim to produce complete research artifacts through multi-stage pipelines that
combine hypothesis generation, experiment design and execution, analysis, and manuscript writing.
Unlike section-level or survey systems, their output is a full paper whose claims are expected to
reflect an underlying research process rather than a post hoc synthesis. The central challenge in this
family is therefore not generation alone, but alignment between narrative and evidence: a system
may produce a coherent manuscript even when the underlying experiments are incomplete, biased,
or incorrectly interpreted.

The strongest reference systems in this family are THE AI SCIENTIST and THE AI SCIENTIST-
v2 [44, 57, 78], DATA-TO-PAPER [65], AI-RESEARCHER [67], and AGENT LABORATORY [58]. A
2026 Nature publication provides the first peer-reviewed evidence that an end-to-end system can
autonomously generate, execute, and evaluate scientific research across the full pipeline [44]. These
systems differ, however, in how tightly manuscript claims are tied to executed evidence. DATA-
TO-PAPER enforces backward-traceable links from every numerical value in the manuscript to the
specific line of code that produced it, prioritizing auditability over breadth of exploration. THE AI
SCIENTIST-V2, by contrast, emphasizes breadth, using agentic tree search to expand hypothesis-
space coverage; it also produced the first fully Al-generated manuscript to pass peer review at an
ICLR 2025 workshop. AI-RESEARCHER introduces Resource Analyst agents that explicitly map
mathematical formulations to code implementations before experimentation, thereby reducing
hallucination risk. AGENT LABORATORY instead delegates initial ideation to the human researcher
while automating the downstream pipeline.

Recent systems suggest that this capability is not confined to a single lineage. ZOCHI [33] reports
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acceptance at an ACL 2025 main-track venue with minimal human intervention, while systems
such as EVOSCIENTIST and KOSMOS explore longer-horizon coordination and more persistent
research processes. Evidence across these systems remains uneven, however, and not all provide
comparable support for end-to-end manuscript quality.

A broader set of systems contributes to the surrounding landscape with varying degrees of com-
pleteness, including DEEPSCIENTIST, AUTORESEARCHCLAW, DOLPHIN, ALETHEIA, TINYSCIEN-
TIST, DENARIO, and INTERNAGENT [15, 26, 34, 38, 69, 76, 81]. These systems are informative for
coverage, but they do not yet provide evidence comparable in strength to the core systems above.

Several systems lie at the boundary of this family. AI CO-SCIENTIST [27] focuses primarily on
hypothesis and proposal generation rather than full manuscript production. FARS [2, 3] presents
an end-to-end pipeline through public documentation, but without reproducible technical detail.
AUTORESEARCH and AUTORESEARCH@HOME [37, 48] are better understood as autonomous experi-
mentation loops whose primary artifacts are code modifications and performance changes rather
than manuscripts.

A related class of systems operates directly on an existing manuscript state rather than generating
one from scratch, including PAPERDEBUGGER, BiBBY, DORA, and CITELLM [9, 29, 30, 32]. Their
strength lies in state-aware correction under project constraints; their limitation is that local im-
provements do not guarantee global scientific validity. For that reason, we treat them as a subcase
within this family rather than as a separate family of systems.

The characteristic failure mode of Family III is that narrative confidence can outrun verification
depth: a system may produce a convincing research paper whose claims are not fully supported by
the underlying experimental process. Detecting this failure requires independent re-execution or
external validation, not inspection of the manuscript alone.

Recent systems also point toward emerging directions in this space. POGGIOAI already operates
on manuscript-like artifacts, while platforms such as PSI and SKYDISCOVER, together with recent
proposals for agent-native scientific ecosystems [1, 8, 53, 74], extend the paradigm toward persistent,
multi-agent research environments.

5.4 Family IV: Review, Revision, and Rebuttal Agents

Family IV systems make critique an explicit component of the generation process. Rather than
producing content directly, they evaluate, refine, or contest existing drafts through structured
feedback. Their primary role is therefore a form of approximate verification through critique:
identifying weaknesses, suggesting revisions, or simulating peer-review dynamics. The central
challenge is that critique is not equivalent to verification. Systems can produce detailed and
plausible feedback without increasing the probability of detecting real errors, leading to the
characteristic risk of self-confirming criticism, in which iterative review improves fluency and
presentation while leaving substantive mistakes unchanged.

Two main design patterns recur in this family. The first simulates the peer-review process itself.
AGENTREVIEW [35] models reviewers, authors, and area chairs as interacting agents, and finds that
37.1% of acceptance-decision variation is attributable to reviewer bias rather than paper quality.
REVIEWAGENTS [23] extends this paradigm through structured training on large-scale review data
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and a multi-role architecture that includes reviewer and area-chair agents.

The second pattern treats critique as a tool for improving manuscripts or existing reviews. Systems
such as MARG [46], DEEPREVIEW [47], and CYCLERESEARCHER/CYCLEREVIEWER [80] explore
multi-agent generation and reconciliation of reviewer-style comments. SWIF?T [12] focuses instead
on fine-grained, paragraph-level feedback targeting specificity and actionability, while AUTOREBUT-
TALCLAW [43] automates the rebuttal-writing phase specifically by profiling individual reviewers
and generating venue-compliant responses for major machine learning conferences.

The strongest empirical evidence for real-world impact comes from two deployment studies. Liang
et al. [41] evaluated GPT-4 feedback on more than 4,800 papers and found that 82.4% of surveyed
researchers rated it as more beneficial than at least some human reviews. At ICLR 2025, a Review
Feedback Agent was deployed on 20,000 reviews [66]; 27% of reviewers updated their reviews,
incorporating more than 12,000 suggestions, with measurable improvements in review length
and actionability. The foundational dataset benchmark for this family remains Yuan et al. [82]’s
ASAP-Review, with sentence-level aspect annotations derived from ICLR and NeurIPS reviews.

The defining failure mode of Family IV is the conflation of preference with correctness. Systems
may produce critiques that are fluent, detailed, and aligned with human expectations, yet still fail
to identify substantive scientific errors. Effective evaluation must therefore distinguish critique that
improves perceived quality from critique that increases epistemic reliability.

6 Domain-Specific Applications

The families introduced in Section 5 organize research agent systems by the kind of artifact they
produce and by the portion of the research pipeline they cover. This organization is intentionally
agnostic to scientific domain: a system belongs to a given family regardless of whether it operates
in machine learning, biology, or formal mathematics. That perspective is useful for identifying
recurring architectural patterns, but it leaves open a complementary question.

Scientific domains differ in how claims can be supported, tested, and falsified. These differences
are not superficial. They determine what counts as evidence, how feedback can be obtained, and
which forms of validation are practically available. As a result, an architecture that is well-posed in
one domain may become unreliable, inefficient, or even incoherent in another.

This section examines those constraints and their architectural implications. The relevant unit of
analysis is not the disciplinary label attached to a manuscript, but the verification regime governing
its core claims: how those claims can be checked, at what cost and latency, and whether verification
can be closed within the agent pipeline or instead depends on external processes outside the
system’s control. We consider four such regimes: formally verifiable symbolic domains; executable
code-and-data domains; tool-mediated physical sciences, in which instruments or simulators act as
proxy validators; and open empirical biological and clinical domains, in which decisive validation
remains external to the agent loop. These regimes are selected not because they exhaust the space
of scientific practice, but because they impose structurally distinct pressures on system design.

Where useful, we also draw on systems whose primary artifact is not a manuscript but an experi-
mental design, a simulation output, or a laboratory protocol. Such systems are not treated as core
comparison objects in the survey; rather, they serve as evidence for the architectural pressures
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characteristic of a given verification regime.

The aim of this section is therefore not to resurvey systems within each regime, since those are
discussed in Section 5 where relevant. It is to make explicit the design pressures that arise when
manuscript-producing agents are instantiated in scientific settings with fundamentally different
verification structures.

These regimes cut across conventional disciplinary boundaries, and a single manuscript may span
more than one of them. For analytical purposes, however, the relevant assignment is determined
by the bottleneck verifier of the manuscript’s principal claims: the mechanism that ultimately
determines whether those claims can be accepted, rejected, or only weakly supported. Computa-
tional biology, for example, often falls into the executable code-and-data regime when its central
claims are grounded in reproducible workflows over existing datasets, whereas wet-lab and clinical
biomedicine fall into the open empirical regime when decisive validation depends on new experi-
ments or prospective studies. The relevant comparison is therefore between verifier types rather
than between department names.

6.1 Formally Verifiable Symbolic Domains

In formally verifiable symbolic domains, the decisive constraint is that a claim becomes admissible
only once it has been translated into a formal language accepted by a proof assistant. This regime
includes classical formal mathematics, but it also extends to parts of theoretical science whenever a
manuscript’s core contribution can be compiled into machine-checkable symbolic statements. The
central architectural fact is therefore that verification is not an external evaluation step appended
after generation; it is the environment within which meaningful progress occurs. Systems such
as ALPHAPROOF [20] and APOLLO [50] make this explicit by coupling language-model reasoning
directly to Lean and related theorem-proving environments.

The epistemic structure of this regime is deductive. A valid claim is one that follows from explicit
assumptions within a formal system, and verification is exact once the claim has been successfully
formalized. The evidence substrate is correspondingly symbolic: theorem statements, proof states,
retrieved lemmas, compiler errors, tactic traces, and cross-file dependencies. The main bottleneck
is therefore not noisy evidence or expensive experimentation, but the translation of informal
mathematical content into formal objects with the correct definitions, library dependencies, and
tactic structure. Without that translation step, which remains difficult even for strong systems, the
verification mechanism cannot be engaged at all.

Architecturally, this shifts the balance strongly toward execution-backed search. Planning still
matters, but primarily in the form of proof decomposition: selecting auxiliary lemmas, retrieving
relevant library facts, choosing proof strategies, and deciding when to repair or backtrack. Once
that structure has been proposed, progress is governed by the verifier rather than by free-form
self-critique. APOLLO [50] is especially informative on this point: it uses compiler-guided repair to
decompose failing proofs into sublemmas and iteratively reclose them, precisely because verifier
feedback is treated as a first-class signal rather than as an optional check. In practical terms, proof-
assistant coupling, retrieval over formal libraries, and verifier-guided repair are necessary; human
judgment about novelty or mathematical significance remains optional; and prose-only self-critique
without a machine verifier is structurally unreliable. Autonomous verification loops can therefore
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often be closed within the agent pipeline once a claim has been formalized, although humans
remain useful for selecting conjectures, introducing new definitions or axioms, and deciding
whether a formally verified result is interesting enough to merit inclusion in a manuscript.

The dominant failure mode of a domain-agnostic manuscript agent in this regime is the generation
of linguistically plausible but formally invalid proof sketches. A model optimized for natural-
language fluency can produce text that reads like a coherent mathematical argument while silently
omitting, misstating, or hallucinating proof steps that do not compile. The failure is largely invisible
to surface-level review and becomes visible only once formal verification is brought into the loop,
which is precisely the mechanism a domain-agnostic architecture lacks.

6.2 Executable Code-and-Data Domains

In executable code-and-data domains, the dominant constraint is that substantive claims should
reduce to an executable analytical trace: code, data, configuration, and an observable outcome.
This regime is exemplified most clearly by Al engineering and computational research, but it
also includes the computational side of the life sciences whenever a manuscript’s core claims are
grounded in analysis over existing datasets rather than in new physical interventions. Systems
such as THE AI SCIENTIST [57, 78], AGENT LABORATORY [58], and DATA-TO-PAPER [65] operate in
this regime at the manuscript level, while CELLAGENT [77] and BIODSA-1K [73] show that the
same structural pattern extends into computational biology.

The epistemic structure here is empirical and statistical rather than deductive. A valid claim
is typically comparative, predictive, or descriptive: that a method improves a benchmark, that
a pattern appears in a dataset, or that an analysis supports or fails to support a hypothesis.
Verification is largely internal to the agent pipeline, because the agent can rerun code, regenerate
tigures, recompute metrics, and compare outputs against baselines. The evidence substrate is
therefore executable: repositories, scripts, datasets, random seeds, tables, logs, and benchmark
harnesses. This makes provenance unusually important. DATA-TO-PAPER [65] is built explicitly
around backward traceability from manuscript claims to the code lines that generated them, and
that design choice is structurally important in a regime where generation can otherwise outrun
auditability.

Architecturally, this regime favors a relatively balanced planner—executor design. The system must
decompose the research problem, but it must also repeatedly instantiate those plans in a sandboxed
computational environment. Code execution, benchmark harnesses, analysis tools, and provenance
tracking are therefore not optional embellishments but core architectural components whenever
the goal is to verify rather than merely narrate results. In practical terms, executable analysis,
rerunnable evaluators, and artifact-level provenance are necessary; human feedback on framing,
novelty, and error interpretation remains optional but often valuable; and one-shot manuscript
generation without reruns or audit trails is structurally unreliable. Autonomous verification
loops are feasible here, and this distinguishes the regime from the open empirical one, but the
evidence does not support the stronger claim that human oversight becomes irrelevant. AGENT
LABORATORY [58] finds that human feedback at each stage materially improves research quality,
and DATA-TO-PAPER [65] likewise treats human co-piloting as increasingly valuable as goals and
datasets grow in complexity.
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The dominant failure mode in this regime is a capability-reliability gap coupled to metric and
narrative inflation. An agent can produce code that runs and figures that look convincing while the
underlying hypothesis generation and experimental design remain shallow. Recent full-pipeline
evaluations are consistent on this point. PAPERBENCH [63] shows that faithful replication of
recent machine-learning papers remains substantially harder for current agents than for human
experts; SCIENCEAGENTBENCH [14] reports low independent solve rates on data-driven discovery
tasks across disciplines; and OpenAl’s FRONTIERSCIENCE [49] similarly finds a large gap between
structured scientific problem-solving and open-ended research reasoning. BIODSA-1K [73] adds
an especially important complication in the biomedical portion of this regime: some hypotheses
are non-verifiable from the available data, so even a well-executed computational pipeline must
sometimes conclude not that a claim is false, but that the evidence substrate is insufficient to
adjudicate it.

6.3 Tool-Mediated Physical Sciences

In tool-mediated physical sciences, the core constraint is that claims are evaluated through sim-
ulators, workflow engines, or physical instruments whose outputs are informative but remain
only proxy validators of the final scientific conclusion. What unifies this regime is not a shared
disciplinary label, but a shared mediation structure: the agent must compile scientific intent into
simulator inputs, workflow specifications, or instrument commands, and then interpret telemetry,
images, spectra, or measurement outputs as evidence for a claim that ultimately concerns the
physical world.

Unlike the other three regimes, the systems that most clearly expose the architectural pressures of
this setting do not generally produce scholarly manuscripts as their primary artifact. GRACE [28],
COSCIENTIST [10], A-LAB [64], and AILA [45] are instrument- or simulation-native systems whose
primary outputs are experimental designs, synthesized compounds, or laboratory results rather
than papers. They matter here not as core comparison objects for the survey, but as evidence for
the verification pressures characteristic of this regime. The current scarcity of manuscript-first
systems in this space suggests, although it does not by itself prove, that bridging from a locally
closed experimental loop to a manuscript grounded in that loop is harder here than in purely
computational research.

The epistemic structure of this regime is hybrid. Claims are often mechanistic, numerical, and
empirical at once: a detector design improves a simulated objective under physical constraints; a
synthesis route produces a compound with target properties; a laboratory control sequence yields
a reproducible physical state. Verification can often be closed locally, in the sense that the agent can
rerun the simulator or instrument and inspect the result, but local closure should not be mistaken
for final truth. A simulator objective, an X-ray diffraction match, or a microscopy output is much
stronger evidence than a text-only conjecture, yet each remains only a partial validator of a broader
scientific claim.

Architecturally, this favors nested loops rather than a single flat planner—executor structure. An
inner loop executes fast local optimization or control over the simulator or laboratory platform,
while an outer loop must interpret whether local success in the tool actually corresponds to the
intended scientific question. SAGA [16] makes this pressure explicit by treating fixed quantitative
objectives as potentially imperfect scientific proxies and arguing that objective critique must itself



Agent Systems for Academic Research Automation 19

become part of the architecture. External tools are therefore mandatory not merely as passive
resources but as the substrate on which claims are instantiated. In practical terms, tool adapters,
workflow compilers, and proxy-aware interpretation layers are necessary; fully manuscript-first
narration is optional and currently secondary; and fixed-objective optimization detached from
proxy critique is structurally unreliable. The literature already contains convincing examples of
substantial local autonomy: GRACE [28] can execute multi-step simulation workflows with full
provenance tracking, and A-LAB [64] closes the synthesis-to-characterization loop for inorganic
materials without human intervention during execution. Human checkpoints nonetheless remain
advisable at objective selection, safety gating, calibration, and the release of final claims, because
those decisions operate at a level above local tool success.

The characteristic failure mode of a domain-agnostic manuscript agent in this regime is proxy col-
lapse: mistaking success in the simulator or apparatus for scientific success. AILA [45] is especially
informative here because it documents the “sleepwalking” phenomenon directly: agents operating
an atomic force microscope deviated from stated instructions and carried out unauthorized steps af-
ter prompt variation, and the authors explicitly show that strong performance on materials-science
question answering does not transfer to reliable laboratory execution. The gap between domain
knowledge and operational competence under tool coupling is therefore not merely a performance
problem, but a structural one.

6.4 Open Empirical Biological and Clinical Domains

In open empirical biological and clinical domains, the decisive constraint is that the final verifier
lies outside the agent. The system may generate hypotheses, experimental designs, literature
syntheses, or manuscript drafts, but decisive validation still depends on wet-lab experiments,
organoids, animal models, patient cohorts, or clinical procedures that are costly, slow, ethically
regulated, and only partially automatable. This is the regime in which the difference between
computational support and actual scientific closure is greatest. AI CO-SCIENTIST [27] makes
this explicit by framing its output as biomedical hypotheses and proposals that subsequently
undergo experimental validation, and BIODISCOVERYAGENT [55] likewise focuses on designing
new perturbation experiments rather than claiming that the loop is already closed within the agent
itself.

The epistemic structure here is hybrid and often causal. A valid claim may concern a mechanism,
an intervention, or a biological target, but the evidentiary route to that claim is distributed across
literature, prior datasets, assay outputs, and new experiments whose outcomes are not available
at generation time. Verification is therefore external, high-latency, and expensive relative to the
previous regimes. The evidence substrate is correspondingly heterogeneous: papers, cohort data,
omics measurements, protocols, assay outputs, interventions, and, in clinical settings, regulatory
and ethical constraints on what can be tested and how quickly. Even when automation can
accelerate parts of the pipeline, the final verifier typically remains outside the writing loop itself.

Architecturally, this shifts the balance strongly toward planning, triage, and uncertainty manage-
ment. Because physical execution is scarce and expensive, the system should invest more effort
in filtering hypotheses, checking novelty and feasibility, identifying what is and is not testable
from existing evidence, and producing protocols or ranked experimental programs rather than
pretending to complete validation internally. Autonomous subloops remain possible over existing
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data or bounded validation procedures. POPPER [31] shows that falsification-oriented validation
over measurable implications can be automated with statistical error control, and BIODSA-1K [73]
shows that biomedical hypothesis validation can be benchmarked over realistic data-analysis tasks.
But these remain partial closures. In practical terms, hypothesis triage, feasibility filtering, and
explicit representation of uncertainty are necessary; autonomous subloops over existing data are
optional but valuable; and any architecture that treats literature synthesis plus existing data analy-
sis as equivalent to decisive biological validation is structurally unreliable. Human checkpoints
therefore remain structurally necessary at protocol approval, intervention selection, and the release
of strong causal claims whose support depends on external experimental or clinical validation.

The dominant failure mode in this regime is speculative manuscript inflation: a domain-agnostic
manuscript agent can assemble a coherent biological narrative from literature and partial data
while overstating what has actually been validated. BIODSA-1K [73] is particularly informative
because it includes non-verifiable hypotheses, forcing the system to distinguish between false
claims and claims that cannot be adjudicated from the available data. In open empirical biology
and medicine, that distinction is not a marginal detail, but part of the architecture itself: a system
that cannot represent non-verifiability will systematically overclaim.

Cross-regime synthesis. Across all four regimes, the manuscript shell is more stable than the
verifier core. Retrieval, decomposition, persistent state, provenance tracking, drafting, and internal
critique recur widely, from DATA-TO-PAPER [65] and AGENT LABORATORY [58] to THE AI SCIEN-
TIST [57, 78] and AI CO-SCIENTIST [27]. What changes structurally from regime to regime is the
object that closes the loop on the manuscript’s core claims: a proof assistant in formally verifiable
domains; an executable benchmark or analysis harness in code-and-data domains; a simulator
or instrument stack, whose outputs function only as proxy validators, in tool-mediated physical
sciences; and an external experimental program in open empirical biology and medicine. The
nearer the verifier is to exact and internal, the more autonomy can safely migrate into the agent
loop. The farther it is from the agent, and the higher its cost and latency, the more the architecture
must front-load planning and preserve explicit human checkpoints. The central failure of domain-
agnostic manuscript agents is therefore not simply hallucination in the ordinary language-model
sense, but verifier mismatch: the system makes claims whose validation path is weaker, slower, or
more indirect than its architecture assumes.

7 Benchmarking and Evaluation

Evaluation of manuscript-producing research agents has not yet converged on a single benchmark
ecosystem with a shared scale of success. Existing benchmarks occupy only partially equivalent
regimes, and scores across them are therefore not directly comparable. At a minimum, section-
and survey-level writing quality, full-paper pipeline quality, and review or revision utility must be
separated analytically. A strong result on ALCE or CITEBENCH is evidence about local citation-
grounded generation; a strong result on PAPERBENCH, SCIENCEAGENTBENCH, or FRONTIER-
SCIENCE is evidence about execution-backed research competence; a strong result on MMREVIEW
is evidence about review generation or critique utility. These are not different points on a single lad-
der of manuscript quality. They evaluate different artifacts under different verification assumptions,
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and they reward different forms of success.

This distinction matters because the object that ultimately matters in this survey is not language
quality in the abstract, but the credibility of a manuscript as a scientific artifact. A benchmark
can score fluency, citation attachment, code execution, or review plausibility without ever asking
whether a manuscript’s central claims are proportionate to its evidence. The current landscape is
therefore better understood as a fragmented set of proxy regimes than as a unified framework for
evaluating scientific writing.

7.1 Section-Level Grounding and Survey Synthesis

In the first regime, benchmarks evaluate whether generated scholarly text is grounded in sources
and whether longer syntheses are genuinely informative. ALCE [22] and CITEBENCH [21] are
most useful as tests of citation-conditioned generation and local support. HALOGEN [54] and the
SCIHAL25 shared task [60] move further toward scientific factuality by checking atomic claims
and claim-level support in research-assistant outputs. SURVEYBENCH [4] extends this regime
from paragraph-scale grounding to long-form synthesis by asking whether a generated survey is
structured, answerable, and information-rich rather than merely fluent. What this regime measures,
then, is primarily local evidence linkage, citation presence, topical coverage, and certain aspects of
synthesis depth.

What it does not measure is equally important. These benchmarks do not establish whether the cited
literature is the right literature rather than merely some literature, whether the strength of a claim
is warranted by the evidence invoked, or whether a survey accurately represents disagreement
within a field. A generated review may therefore be densely cited, topically broad, and highly
readable while still being epistemically distorted. That distortion is not a superficial flaw. If an
agent treats a weak source as decisive evidence, omits limiting studies, or smooths over conflict
across papers, the resulting text may satisfy the benchmark while still misrepresenting the state of
knowledge. In this regime, current evaluation is better at testing citation attachment than citation
reasoning.

The distinction between section-level and survey-level evaluation should also not be reduced to a
simple matter of length. Section benchmarks ask whether a local claim can be supported sentence by
sentence. Survey benchmarks ask whether a document can teach, organize, and synthesize a field.
These are related but non-identical capacities. A system may have excellent local grounding and
still fail at long-range synthesis, or it may produce a plausible survey narrative whose individual
support links are weak. The move from section quality to survey quality therefore changes the
artifact being evaluated, not merely the scale of the output.

7.2 Full-Paper Pipeline Quality

The second regime is closer to evaluating research execution than to evaluating manuscripts as
integrated documents. PAPERBENCH [63], SCIENCEAGENTBENCH [14], and FRONTIERSCIENCE [49]
are especially important because they expose the limits of current systems under external checking.
They test whether an agent can replicate work, generate executable analyses, or reason through
hard scientific tasks under constrained rubrics. For manuscript-producing agents operating in
executable domains, these are much stronger signals than fluency metrics, precisely because they
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force the system into contact with an external verifier.

At the same time, these benchmarks are not direct evaluations of full-paper quality. The evaluated
object is usually a codebase, execution trace, or short-form answer rather than the manuscript itself.
A benchmark can tell us whether an experiment ran, whether a method was reproduced, or whether
a reasoning trajectory satisfied a rubric. It usually cannot tell us whether the abstract accurately
states the contribution, whether the discussion overgeneralizes beyond the evidence, whether
caveats are propagated consistently across sections, or whether the paper’s argumentative structure
is honest about uncertainty. In that sense, this regime measures upstream research competence
while largely treating the manuscript as an unevaluated byproduct.

That gap matters for scientific credibility rather than presentation alone. A manuscript is not a
stylistic wrapper around execution. The inferential move from result to claim is itself part of the
scientific contribution and part of the failure surface. A system may run analyses correctly and
still write a paper that overstates what was validated, suppresses non-verifiability, or presents
exploratory results as settled findings. Conversely, a manuscript may appear coherent while the
underlying pipeline is shallow or irreproducible. Full-paper evaluation remains underdeveloped
because current benchmarks can verify components of research more easily than they can verify
the document that integrates them.

7.3 Review and Revision Utility

The third regime evaluates manuscript-producing agents as critics, editors, or revisers. Here the
question is not whether the agent can produce a paper from scratch, but whether it can improve
one. MMREVIEW [24] is the clearest reference point among the benchmarks used in this survey,
and more broadly this regime tends to score review quality through human agreement, aspect
coverage, actionability, or related proxies. These are meaningful signals: they capture whether a
review appears plausible, whether it touches the kinds of issues human reviewers tend to notice,
and whether authors are likely to experience it as useful.

But review and revision utility are not the same as scientific error correction. A fluent review that
misses a fatal methodological flaw, attacks an incorrect premise, or improves wording without
improving correctness can still look strong in this regime. The same is true for revision systems that
patch references or paragraphs locally: they may increase local validity while leaving the global
thesis unchanged, or even less coherent than before. What current evaluation often captures is
the usefulness or plausibility of critique, not demonstrated improvement in the reliability of the
manuscript after critique.

This matters especially because review is often treated as a safeguard for the scientific record. If the
safeguard is itself evaluated mainly by stylistic agreement with human reviews, the benchmark
risks measuring whether the system can imitate peer-review discourse rather than whether it
can detect consequential error. For manuscript-producing agents, that is a serious distinction. A
review benchmark that rewards plausible criticism without establishing factual correctness is still
evaluating discourse quality more directly than scientific trustworthiness.
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7.4 The Unresolved Object of Evaluation

Across all three regimes, three missing dimensions recur. First, no current benchmark measures
global manuscript coherence. For the systems studied here, this means more than generic discourse
smoothness. The unresolved question is whether the abstract, introduction, methods, results,
discussion, and limitations sections remain scientifically consistent with one another, whether
claims are tightened or weakened appropriately as evidence changes, and whether the document
as a whole sustains a single warranted argument. A manuscript can be locally well written and still
globally unsound.

Second, no current benchmark measures contradiction handling across sources. This is most
obvious for survey and literature-review agents, but it also matters for related-work sections and
revision systems. Scientific credibility often depends on whether an agent notices disagreement,
distinguishes robust findings from contested ones, and explains why sources diverge. A benchmark
that rewards coverage without adjudication can therefore reward a polished erasure of genuine
scientific conflict.

Third, no current benchmark measures the match between validation mechanism and claim sub-
strate. This is a cross-regime problem rather than a local metric failure. Claims grounded in proofs,
executable analyses, instruments, or external experiments cannot be judged by the same validator
without distortion. A citation-entailment score is too weak for an empirical performance claim; code
execution is too weak for a biological mechanism that ultimately requires external experimental
validation; human review agreement is too weak for establishing factual correctness. When the
validator is weaker than the claim requires, the system can appear better evaluated than it truly is.

The deeper open question is therefore not only how to build better benchmarks, but what the
proper object of evaluation should be in principle. It may be the final manuscript, but it may also
need to be a richer artifact: manuscript plus provenance trace, claim—evidence graph, execution
record, or revision history. It may require different evaluators for different claim types within the
same paper rather than a single scalar score. It may also require accepting that some dimensions of
manuscript quality are only partially automatable because they concern scientific judgment rather
than textual regularity. What already seems clear is that benchmark results will remain easy to
overinterpret until evaluation is organized around the manuscript as an epistemic artifact rather
than around whichever proxy is cheapest to score.

8 Structural Limits, Epistemic Ownership, and Institutional Choice

The evaluation gaps identified in Section 7 are symptoms of a deeper unresolved structure.
Manuscript-producing agents are asked to generate artifacts whose scientific validity is global,
while most of the mechanisms currently available to constrain them operate locally. A manuscript
is not a sequence of independently acceptable spans, but a structured claim about what was asked,
what was done, what was found, and what follows from it. The central open question is therefore
not only how these systems should be scored, but whether present architectures can compose local
grounding, execution, and critique into global manuscript validity, or whether they are approaching
the limit of what can be achieved by chaining together locally validated operations.

Current systems are strongest when the task can be decomposed into units with accessible feedback:
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retrieve the relevant paper, execute the benchmark, repair the paragraph, answer the reviewer.
What remains unclear is whether the same decomposition can support the validity of the document
as a whole. Global validity depends on relations among sections: whether the abstract says only
what the results support, whether limitations discovered late in the pipeline propagate back to
the contribution claim, whether negative or ambiguous evidence survives into the discussion
rather than being smoothed away. These are not simply longer-context versions of sentence-level
tidelity. They suggest that manuscript reliability may be a representational problem as much as an
optimization problem. A system that stores a project as context windows, memories, and drafts
may never fully represent the dependency structure that makes a paper scientifically sound. If that
diagnosis is correct, then a materially different generation of systems will require explicit claim
states, evidential typing, and revision-aware document models rather than simply larger context
windows or more agents.

A related unresolved question concerns the relation between autonomy and closure. Throughout
this survey, safe autonomy has expanded most readily where strong verification is available
inside the agent loop. Where the decisive verifier is external, slow, or only partially automatable,
the architecture can become rhetorically complete before it becomes scientifically warranted. It
remains open whether this is primarily an engineering lag or a structural ceiling. It may be
that full manuscript autonomy is attainable only in regimes where core claims can be checked
internally, whereas in open empirical domains the honest role of the system is narrower: prioritizing
hypotheses, organizing evidence, and drafting claims whose final status remains undecided. On
that reading, the hard problem is not making agents more assertive, but making them capable of
writing without falsely implying closure.

This distinction also reframes how failure should be theorized. Many manuscript errors are
described as hallucinations, but at the document level the deeper problem is often closure failure:
the system resolves scientific uncertainty linguistically before science resolves it materially. Better
models may reduce fabricated citations or local factual errors, yet still intensify this broader failure
if fluency, compression, and narrative smoothness improve faster than verification. A system that
writes more convincingly is not necessarily a system that knows more; it may simply be better at
turning partial evidence into finished prose. The next generation will be qualitatively different
only if it can preserve the distinction between what is established, what is merely compatible with
current evidence, and what still depends on external adjudication.

These technical limits lead directly to a second unresolved problem: what becomes of authorship
and intellectual ownership when manuscripts are generated rather than written? Traditional
scientific norms assume a legible path from reading, analysis, interpretation, and drafting to a
responsible human author. That path can be collaborative and socially distributed, but it remains,
at least in principle, reconstructable. Manuscript-producing agents disrupt this assumption because
they do not merely polish wording. They can supply structure, introduce framings, surface
citations, and fill inferential gaps in ways that feel like seamless assistance while still altering the
intellectual content of the paper. The resulting manuscript is therefore not merely co-produced; it
is co-produced under conditions in which the boundaries of contribution are unusually hard to
recover after the fact.

This is why provenance is more than a disclosure problem. One part of the difficulty arises when
generated text draws on retrieved or tool-accessed sources that shaped the manuscript substantively
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but are not reflected in the final citation record. In such cases, the intellectual lineage may in
principle be reconstructable from pipeline logs even when it is invisible in the paper itself. A second
difficulty is harder: some framings, comparisons, or inferential moves may enter through model
priors or opaque generation dynamics rather than through identifiable source access. Here the
manuscript may benefit from prior intellectual labor whose lineage is not recoverable from the final
text, and perhaps not recoverable from the generation pipeline in any robust sense. The literature
has begun to describe this broader problem in terms of provenance or hidden intellectual debt
[17]. Existing authorship conventions can record that a tool was used and can insist that humans
remain answerable for the paper, but they do not specify which parts of the argument originated
in human judgment, which were retrieved from identifiable sources, and which entered through
opaque model priors or generation heuristics. For manuscript-producing systems, attribution and
accountability are therefore linked: if the path by which an idea entered the manuscript cannot be
reconstructed, responsibility for that idea also becomes harder to locate in anything more than a
formal sense.

The mismatch extends to reproducibility. In ordinary scientific practice, reproducibility attaches
to data, code, protocols, and analysis pipelines. For manuscript agents, however, an important
part of the epistemic work also occurs in retrieval states, prompt histories, memory stores, tool
traces, model versions, and revision loops that are rarely preserved in a contestable form. A paper
may therefore be experimentally reproducible while remaining procedurally opaque as a generated
artifact. The inverse is also possible: a generation can be replayed without establishing that the
claims it expresses were warranted. The open question is not whether every token of model
output should be logged, but what level of provenance is sufficient for generated scientific writing.
Disclosure without reconstructable claim lineage is too weak if manuscript agents make substantive
epistemic contributions, yet full pipeline transparency may be impractical. Systems will become
meaningfully different only if they can expose enough of the path from source to claim to make
later contestation and credit assignment possible.

Once these systems are understood in this way, the institutional issues are not secondary add-ons
but direct consequences of the technical analysis. Journals, conferences, funding agencies, and
research communities will have to decide whether they are evaluating a text, a process, or both.
They will have to make these decisions before there is stable evidence about which disclosure
or audit regimes actually preserve reliability, which means that early local policies may harden
into field-wide norms faster than the evidence base matures. If manuscript agents remain stylistic
assistants, conventional disclosure may be enough. If they increasingly shape literature review,
experimental interpretation, reviewer response, and the final scaling of claims, then evaluation of
the finished prose alone becomes insufficient. Institutions will need to determine whether some uses
are acceptable only when accompanied by auditable provenance, whether externally unverified
claims should be marked differently when drafted through agentic pipelines, and whether reviewer-
side use can coexist with confidentiality and independent judgment. A community in which authors
optimize for agent-legible review criteria and reviewers rely on similar systems to generate critique
risks converging on a closed loop of mutually intelligible but jointly ungrounded evaluation.

For that reason, treating systems as non-authors and retaining human responsibility should be
understood as a baseline rather than a complete solution. What remains unsettled is which
disclosure, audit, or deployment standards could track these system properties closely enough to
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preserve meaningful accountability. If manuscript-producing agents materially shape literature
review, interpretation, and claim formation, then responsibility that cannot be exercised through
inspection, contestation, and selective verification risks becoming nominal rather than real. The
broader implication is that manuscript-producing agents force science to confront the manuscript
not as a neutral report of research, but as part of the research mechanism itself. Until systems are
designed around that fact, further progress will likely produce faster and more fluent research
agents, but not necessarily agents whose manuscripts deserve stronger scientific trust.

9 Conclusion

This survey argues that manuscript-producing research agents are not best understood as a single
technology advancing uniformly in agent count or along one autonomy scale. The more informative
comparison is lifecycle coverage plus verification regime. Current systems are strongest when they
are designed around definite manuscript obligations and when their claims are tied to the strongest
verifier available to them. Retrieval, planning, execution, critique, memory, and multi-agent
coordination all matter, but only when they are attached to real evidential bottlenecks.

This perspective also changes how progress in the field should be read. Section writers, survey
generators, full-paper pipelines, and review agents are not points on a single maturity ladder.
Likewise, current benchmark ecosystems are not a unified measure of manuscript quality. Scores on
citation grounding, execution-backed research competence, and review utility remain fragmented
proxies that test different artifacts under different validators. The field is therefore uneven rather
than uniformly immature or uniformly advanced: autonomy expands furthest where verification
is internal, exact, or cheaply rerunnable, and narrows sharply where the decisive verifier is slow,
costly, indirect, or external.

What remains unresolved is more structural than incremental. Current systems can often secure
local grounding, local execution, or local critique without guaranteeing global manuscript validity.
Whether that gap can be closed will likely require richer document representations in which claim
status, uncertainty, evidential support, and revision dependencies are explicit rather than implicit.
It is likewise unresolved whether open empirical domains admit full manuscript autonomy at
all, or whether honest automation there is structurally narrower than current rhetoric suggests.
Provenance, authorship, and institutional governance are downstream consequences of this same
technical gap.

The clearest lesson is that stronger scientific trust will not come from making these systems merely
larger, more fluent, or more agentic. It will come from architectures that represent claim status
explicitly, propagate uncertainty across the manuscript as a whole, expose a contestable path from
source, execution, or experiment to final prose, and avoid closure failure, that is, the conversion of
partial verification into the appearance of settled science.
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Figure 2. Field map rendered from evidence_matrix_v7.csv (47 rows). X-axis encodes artifact scope; Y-axis
encodes grounding/control substrate; color indicates boundary status; marker shape indicates adjudication status class.

A Closed Products and Adjacent Copilots

This appendix collects systems that are relevant to the deployment landscape of scholarly writing,
but not suitable as core comparison objects in the main survey. The reason is methodological
rather than evaluative. Commercial and semi-commercial products such as OVERLEAF Al ASSIST,
WRITEFULL, PAPERPAL, SCISPACE, ELICIT, and SCHOLARCY [18, 51, 52, 59, 61, 75] influence real-
world academic workflows, sometimes at very large scale, yet do not expose enough architectural,
training, or validation detail to support reproducible analysis under the framework used in this
paper.

Their practical importance is therefore not in doubt, but their evidentiary status is different from
that of the archival systems discussed in the main text. They are best understood as deployment-
pattern evidence: editor-integrated drafting and revision tools, cross-platform writing assistants,
and literature search or summarization products that shape how researchers actually work, without
permitting strong claims about internal grounding or validation mechanisms. Including them
in the main taxonomy on equal terms would collapse an important distinction between public
scientific evidence and closed product behavior.

For that reason, these systems are kept in the appendix as boundary context rather than treated as
technical baselines.
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