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Abstract

Self-improving agents are often framed as re-
cursive systems that discover their own im-
provement procedures. For high-stakes verti-
cal NLP systems, however, the bottleneck is
often not autonomy but the placement of ex-
pert knowledge: domain specialists can supply
rubrics, failure modes, calibration examples,
and deployment constraints that an open search
loop would otherwise need to rediscover. We
present SIRA (self-improving review agent),
an expert-bootstrapped agent factory for sci-
entific peer-review support. SIRA keeps the
online reviewer and common execution harness
fixed, while offline iterations edit only venue-
specific artifacts: rubrics, metadata, prompts,
templates, calibration rules, benchmark packs,
and failure analyses. On a paper-review agent-
creation task, SIRA achieves a mean best held-
out decision-label accuracy of 0.941 over five
runs, compared with 0.865 for a HyperAgents-
style open editable-agent baseline under the
same dataset split and metric; it also reaches
its best candidate in roughly one third as many
scored steps. The claim is bounded but sharp:
in peer-review support, self-improvement can
be strongest when experts shape the search
space first and iteration is restricted to auditable,
versioned factory artifacts.

1 Introduction

Self-improving agents are usually imagined as in-
creasingly open-ended systems: the agent changes
its behavior, changes the procedure that changes its
behavior, and accumulates improvements through
exploration (Schmidhuber, 2007; Zhang et al.,
2025a, 2026). That vision is scientifically impor-
tant. It is also not the only useful systems abstrac-
tion. For high-stakes vertical NLP systems, the
decisive question is often not how much autonomy
an agent can acquire, but how much domain struc-
ture should be supplied before iteration begins.
This paper studies that inversion: experts first,
iteration second. In scientific peer-review support,
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domain experts already know many of the struc-
tures that an unconstrained search loop would need
to rediscover: official rubrics, common review fail-
ures, score-calibration pathologies, venue-specific
expectations, and cases where fluent feedback be-
comes misleading. The system challenge is there-
fore not to remove experts from the loop, but to
convert their knowledge into an auditable improve-
ment substrate.

Peer-review support makes this boundary prob-
lem concrete. Large language models can provide
useful manuscript feedback, but they also produce
unreliable criticism, shallow substantiation, and
fragile score predictions (Liang et al., 2024; Liu
and Shah, 2023; Zhou et al., 2024; Shin et al., 2025;
Guo et al., 2023; Dycke et al., 2025; Thelwall
and Yaghi, 2025; Bao et al., 2021; Zhang et al.,
2025b). A review assistant may help authors find
missing evidence, weak framing, unclear novelty,
and benchmark gaps before submission; it must not
silently learn from private submissions or present
historical accept/reject imitation as scientific truth.

We study this question through SIRA, the self-
improving review-agent factory used to create
venue-specific agents for CSPR, a public computer-
science paper feedback service (Cao et al., 2025).
SIRA repeatedly regenerates, evaluates, repairs, ver-
sions, and archives fixed review agents. It does
not deploy a self-modifying reviewer. The result-
ing design is intentionally asymmetric: expert-
maintained factory skills and engineer-maintained
utilities define what may change; venue-specific
artifacts and training benchmark sidecars change
offline; held-out validation packs and online ser-
vice behavior remain fixed during a run. Figure 1
summarizes this boundary.

The core contribution is a systems claim and a
budgeted-search lens. We model review-agent cre-
ation as finite-budget search over versioned agent
bundles, where expert-maintained rubrics, calibra-
tion examples, and failure diagnostics shape the
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Figure 1: STRA turns self-improvement into an offline, auditable agent-creation loop. Engineers maintain the serving
harness and common utilities; domain experts maintain factory skills, review rubrics, calibration examples, and
failure diagnostics. During service, the deployed review agent is fixed. During offline creation/finetune, the factory
regenerates venue-specific artifacts, audits failures, evaluates candidates, and promotes only versioned agents.

proposal distribution before offline iteration begins.
Under the same base model, 70/30 re-split paper-
review dataset, candidate-scoring budget, evalua-
tion harness, and held-out validation metric, SIRA
outperforms a HyperAgents-style open editable-
agent baseline (Zhang et al., 2026)in both peak
validation accuracy and steps to best candidate. We
do not claim that constrained factories dominate
open-ended self-improvement in general. We claim
that, for high-volume scientific review support, the
factory boundary is a better abstraction because
it treats domain expertise as search compression
under finite evaluation budget.

2 Self-Improvement at Factory Boundary

SIRA is an agent-building system rather than a self-
modifying task agent. For a venue v, a deployed
review agent is a versioned bundle
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where m,, is venue metadata, r,, official rubrics and
calls for papers, p, prompts and reasoning poli-
cies, t,, review templates, ¢, calibration and score-
mapping rules, and v common utility code inher-
ited from the serving harness. A separate sidecar
b, contains training benchmark papers, expected
labels, evaluation records, and failure tickets. The
sidecar is used to create and tune agents; it is not
deployed with online reviewers. A factory step is
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where Fy, is the factory controller, E is the eval-
uation harness, S, is the expert-maintained skill
library, and H,, is explicit human guidance. Dur-
ing a creation run, Iy, E, the active version of S,
and the common utilities are fixed for auditabil-
ity. Between runs, engineers and domain experts
may update those components through ordinary
versioned maintenance. Within a run, improve-
ment is restricted to venue artifacts and benchmark
sidecars.

The allowed actions are deliberately prosaic:
source official venue information, create or tune
an agent, curate benchmark papers, run evaluation,
inspect failures, and push a named version to the
archive. The point is not to reduce adaptability,
but to make the locus of change inspectable. Ta-
ble 1 contrasts this factory boundary with an open
editable-agent baseline, and Appendix A gives ad-
ditional implementation details.

The same boundary defines the human roles. En-
gineers maintain the executor, deployment, logs,
and shared utilities. Domain experts maintain fac-
tory skills, rubrics, calibration examples, and diag-
nostic templates. The factory uses those artifacts
to generate candidate review agents, but the online
reviewer remains frozen until a new version passes
evaluation and is explicitly promoted. This resem-
bles continuous integration, except the tested unit
is an agent bundle containing prompts, retrieval be-
havior, score mappings, templates, and benchmark.



Table 1: Design contrast. SIRA gives up some open-endedness to satisfy production constraints that matter for

unpublished scientific manuscripts.

Dimension Open editable-agent baseline SIRA factory regeneration Practical consequence

Editable Task behavior and the procedure generat- Factory controller, active skill library, and com- Clearer ownership, auditability,
object ing future task behavior may both change. mon utilities are frozen during a run; only venue and rollback.

artifacts and benchmark sidecars evolve.

Improvement Improvement may be coupled to an au- Improvement is offline: regenerate, evaluate, ver- Private manuscripts are pro-
site tonomous task loop. sion, redeploy. cessed by fixed agents.

Search Broad exploration can discover mecha- Search begins with official rubrics, known review Faster time-to-value for narrow
bias nisms but can spend budget rediscovering failures, calibrated examples, and diagnostics. vertical products.

domain structure.

Promotion Feedback can become entangled with Fixed validation packs, refreshed benchmark sam- Promotion decisions are easier
evidence evolving meta-procedures. ples, rubric diagnostics, and human failure triage. to replay and contest.

Risk More expressive but harder to bound when Less general but designed for privacy, governance, Suitable for pre-review support,
profile self-modification mechanisms change. and predictable service behavior. not automated peer review.
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Figure 2: Post-review quality ratings from (Cao et al.,
2026). Low-rated reviews are not used as online train-
ing data. They are converted, when allowed, into de-
identified tickets, aggregate diagnostics, or benchmark-
refresh candidates inspected before offline tuning.

3 Signals from a Deployed Review Service

Peer-review support systems need evaluation sig-
nals beyond historical decision labels. CSPR col-
lects post-delivery user ratings of generated review
reports and audits low-rated cases as operational
failure signals when policy permits. Figure 2 shows
one production snapshot: n = 1,838 post-review
ratings, including 630 one- or two-star ratings. Low
ratings concentrate heavily around borderline rec-
ommendations, which is precisely where score cal-
ibration, uncertainty communication, and explana-
tion quality are hardest.

These ratings are intentionally not treated as re-
inforcement for a live agent. A private manuscript
can reveal a system failure, but it should not silently
alter the system that reviews the next manuscript.
In SIRA, feedback becomes a ticket or aggregate di-
agnostic; domain experts decide whether it should
update a rubric, template, calibration rule, bench-
mark sample, or failure test. This slow path is part
of the method: it preserves the distinction between
evidence about the system and automatic modifi-
cation of the system. Appendix B discusses why
borderline cases are useful as diagnostic signals.

real conference decisions. The label is a decision-
side proxy: it measures agreement with historical
outcomes, not the factual correctness, helpfulness,
or epistemic quality of generated criticism. We re-
split the available dataset into a fixed 70/30 train—
validation partition, preserving the split and class
balance across all runs.

The training split is available to the creation
loop. SIRA creates, repairs, and evolves candidate
ICLR-style review agents using training feedback,
benchmark failures, and human-inspected obser-
vations. The validation split is held outside this
evolution process and used only to score gener-
ated candidates and visualize the search trajectory.
The baseline is a HyperAgents-style adaptation in
which task behavior and meta-improvement behav-
ior are represented as a jointly editable archive.
We use “HyperAgents-style” because the compari-
son adapts the mutable task/meta-agent design to
the review-agent creation task; it is not an offi-
cial reproduction of every experimental choice in
Zhang et al. (2026). Both settings use the same
base model, dataset split, candidate-scoring bud-
get, evaluation harness, and validation metric. The
main difference is the mutability boundary.

Figure 3 visualizes representative search traces
under this protocol, and Table 2 reports five-run
summaries. Appendix C states the experimental
scope and data-use boundary.

The results support a bounded practical claim: in
this review-agent creation setting, the constrained
factory reaches higher held-out decision-label accu-
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Figure 3: Representative self-improvement traces. Nodes are archive candidates; colors encode validation accuracy
when available; N/A marks unscored nodes; diamonds mark the final best candidate. The constrained factory
reaches a high-scoring agent with fewer scored candidates because the search space is shaped by venue rubrics,

expert skills, and benchmark-aware failure analysis.

Table 2: Five-run validation summary on the re-split
paper-review dataset. Higher is better except for steps.

Metric SIRA HyperAgents-style
Best validation accuracy 0.941 + 0.018  0.865 & 0.049
Final mean archive accuracy 0.868 & 0.023  0.590 £ 0.072
Steps to best, range 2-5 6-15
Mutable meta-agent in run No Yes

“Best” is the highest held-out validation accuracy reached by
any scored candidate. “Final mean” averages scored candi-
dates in the final archive to expose archive stability rather than
only peak performance.

racy on average, maintains a stronger final archive,
and needs fewer scored steps to find its best candi-
date. A compact way to state the mechanism is bud-
geted expert-compressed search. Let D,,; denote
the validation dataset, and let B be the candidate-
scoring budget. A creation method M, i.e. SIRA
or the open editable-agent baseline, induces a pos-
sibly adaptive distribution () over scored candi-
date traces a;.p = (a1,...,ap), where each a; is
a candidate review-agent bundle for venue v. Let
Sy(ai; Dya1) be the held-out validation score of can-
didate a;. We summarize finite-budget search by
the expected best held-out score within budget,

SB(M) = Eal;BNQJW |:11;1ZE%XB Sv(ai; Dval):| 5
and, when a target quality level 7 is specified, by
the probability of reaching that level within budget,

a1:BP~rQM [121%)33 su(ai; Dva) 2 T] '

The expectation and probability are over the ran-
domness of the creation run, including candidate
generation, repair choices, and run-level variation.
SIRA’s hypothesis is that expert rubrics, calibration
examples, and benchmark-aware failure analysis
shift () s toward higher-density useful candidates
before scoring begins. The open baseline is more

expressive, but under a finite scoring budget it may
spend evaluations rediscovering structure already
supplied by domain experts.

S Implications for Scientific NLP Agents

The budgeted-search view implies that self-
improvement for scientific NLP agents is a
mutability-boundary problem. STRA makes the de-
ployed reviewer stable, moves candidate improve-
ment offline, and requires promotion through vali-
dation packs, diagnostic samples, rubric-level tests,
and qualitative failure audits. This boundary is es-
pecially important for peer-review support: agents
should provide evidence-linked, contestable cri-
tiques for authors, not acceptance decisions or
silent online learning from private manuscripts.
These commitments are compatible with broader
work on grounding and retrieval (Lewis et al., 2020;
Asai et al., 2023; Gao et al., 2023; Thorne et al.,
2018), truthful and factual generation (Lin et al.,
2022; Manakul et al., 2023; Min et al., 2023), docu-
mentation (Mitchell et al., 2019; Gebru et al., 2021),
and agent evaluation (Liang et al., 2022; Chen et al.,
2021; Zheng et al., 2023; Liu et al., 2023; Wang
et al., 2024). They also respect the social nature of
peer review, where assignment, arbitrariness, and
inconsistency shape outcomes (Roos et al., 2011;
Langford and Guzdial, 2015; Cortes and Lawrence,
2021; Shah, 2022; Kang et al., 2018; Li et al.,
2020). Appendix D distills these commitments
into a responsible-use checklist.

6 Conclusion

SIRA reframes self-improvement as experts-first
offline iteration over auditable artifacts, rather than
online self-modification by deployed reviewers. In
peer-review support, this boundary improves search
efficiency, early performance, and auditability.



Limitations

The evidence is intentionally narrow: one review-
agent creation setting, one binary decision-label
proxy, one validation split, and short search traces.
Agreement with historical accept/reject decisions
does not measure review quality itself. A high
decision-label score can still coincide with un-
helpful criticism, factual errors, weak substanti-
ation, unfair topic treatment, institutional bias, re-
gional bias, poor robustness to prompt injection,
or miscalibration under distribution shift. The
HyperAgents-style comparison is a controlled adap-
tation designed to test a mutability-boundary hy-
pothesis, not a final benchmark of HyperAgents.
Future work should report held-out test perfor-
mance across multiple venues, ablate expert skills,
measure token cost and latency, run human prefer-
ence and author-outcome studies, and audit privacy
and leakage failures.

Ethical Considerations

SIRA and CSPR are designed for pre-submission
support and computational research assessment,
not for replacing program committees or review-
ers. Review agents should not be used as authorita-
tive acceptance predictors, should not silently learn
from private submissions, and should not be pre-
sented as impartial judges of scientific value. Their
intended role is earlier and narrower: help authors
find missing evidence, weak claims, unclear contri-
butions, benchmark gaps, and rubric mismatches
before submission. Private manuscripts and user
ratings can expose failures, but any use of such
signals should be de-identified, policy-permitted,
and mediated through offline evaluation rather than
online self-modification.

Use of AI Assistants. LLM-based writing assis-
tants (mainly GPT series models) were used in a
limited manner for grammar correction and light
editorial refinement. The authors verified and fi-
nalized all technical content, experimental descrip-
tions, claims, and conclusions.
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A Additional Implementation Details

This appendix preserves implementation details
that are useful for replication and auditing but sec-
ondary to the main argument. A creation or tuning
run is manually triggered when new venue infor-
mation, benchmark failures, review-quality obser-
vations, or user feedback suggests that an agent ver-
sion should be repaired or specialized. The factory
invokes expert-distilled skills such as sourcing re-
view forms, creating or tuning review agents, sourc-
ing training benchmarks, running benchmarks, in-
specting failures, and pushing archived versions.
Within a run, the active skill version is fixed; expert
changes create a new versioned factory configura-
tion. The serving harness and common utility code
remain engineer-maintained; factory skills remain
domain-expert-maintained; venue-facing artifacts
and training/evaluation sidecars are edited offline.

B Why Borderline Papers Matter

The rating analysis in Figure 2 is not used as a qual-
ity leaderboard. Its value is diagnostic. Borderline
recommendations are where review assistants must
explain uncertainty, separate fatal flaws from fix-
able presentation issues, and avoid turning a noisy
accept/reject proxy into an unjustified conclusion.
Low ratings near the threshold therefore provide
useful candidates for calibration audits, benchmark
refresh, and qualitative failure triage.

C Experimental Scope

The validation task is aligned with a public self-
improvement benchmark but is used here as
an agent-creation pilot. The same 70/30 train—
validation split, base model, candidate scoring bud-
get, evaluation harness, and held-out validation
metric are used for SIRA and the HyperAgents-
style baseline. Validation examples are not used
to generate or repair candidates. The figures show
representative traces; Table 2 reports five-run sum-
maries.

D Responsible Use Checklist

A review-agent factory should maintain: (i) separa-
tion between private user manuscripts and training
data; (ii) explicit versioning of deployed agents;
(iii) fixed validation packs plus refreshed diagnostic
samples; (iv) human review of low-rated or high-
risk failure cases; (v) rollback for promoted ver-
sions; and (vi) clear communication that outputs
are contestable feedback rather than decisions.
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