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Figure 1: Sira turns self-improvement into an offline, auditable agent-creation loop. Engineers maintain the execution harness
and common utilities; domain experts maintain factory skills and review rubrics; the factory evaluates failures and regenerates
venue-specific review agents. Only task-specific review-agent artifacts and training benchmark packs are edited; validation
packs stay fixed. The deployed review agent is frozen during online service.

Abstract
The default mental model for self-improving agents is increasingly
open-ended: let an agent edit itself, edit the procedure that edits
itself, and accumulate improvements through exploration. This is
scientifically valuable, but often mismatched to production settings
where users need predictable, reproducible behavior under privacy,
audit, rollback, cost, and service-level constraints. We present Sira,
a human-governed self-improving agent-building factory deployed
for controlled creation of venue-specific paper-review agents. Sira
freezes the factory skills, execution harness, and common utilities
during a tuning run, while editing only task-specific artifacts: venue
metadata, rubrics, tool use, reasoning policies, prompts, templates,
calibration rules, training samples, and evaluation feedback. The
created agents are not self-modifying at runtime; they are regen-
erated, repaired, benchmarked, versioned, and redeployed offline.
In a bounded ICLR-style validation-trace study, Sira reached 0.941
± 0.018 decision-label accuracy within 2-5 scored candidate steps,
while a HyperAgents-style mutable-archive adaptation reached
0.865 ± 0.049 within 6-15. This comparison is illustrative rather

than causal: Sira intentionally combines a constrained mutabil-
ity boundary with expert priors such as venue rubrics, calibration
templates, and failure-analysis skills, and themetric measures agree-
ment with historical accept/reject labels rather than review quality
or untouched test-set generalization. The evidence is limited but op-
erationally meaningful: in this deployed setting, constrained factory
regeneration made the improvement process easier to audit, replay,
and roll back. We argue that vertical agents with stable rubrics,
auditable failures, and privacy-sensitive inputs may often be better
built as products of self-improving factories than as free-running
self-modifying workers.
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1 Industrial Agents Need Factories
AI-assisted peer review is no longer speculative. LLMs are already
visible in scientific writing and conference reviewing, and studies
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report both useful feedback and serious failure modes. They can
provide overlapping but imperfect manuscript feedback [30, 32],
yet their correctness judgments, criticism depth, and review sub-
stantiation remain unreliable [12, 17, 52, 70]. Decision-side scoring
is especially fragile: acceptance prediction, pairwise comparison,
and interpretable acceptance models capture useful signals but re-
main proxy tasks rather than peer review itself [2, 56, 68]. Recent
work also documents AI-modified reviews and generated-review
datasets, while policy discussions warn against uncritical automa-
tion [11, 29, 41, 71]. Meanwhile, CS peer review faces a scale mis-
match: AI accelerates paper production, but human review band-
width remains scarce. CSPaper Review (CSPR)1 was built for this
gap: it accepts arXiv IDs or PDFs and returns conference-aware
feedback within roughly one minute, including desk-rejection as-
sessment, expected outcome, and rubric-aligned critical ratings [6].
The question we address is not whether LLM review agents can be
useful. It is how such agents should improve in production.

The recent self-improvement literature pushes toward increas-
ingly general self-referential systems. Research on Gödel machines
and Darwin-GödelMachines frames improvement as recursivemod-
ification plus validation [49, 66]; HyperAgents extends this idea
by letting the meta-improvement mechanism change with the task
agent [67]. Adjacent agent work supplies building blocks: reflection
and iterative refinement [34, 53], tool use and decomposition [24,
42, 45, 48, 64], retrieval and augmented generation [1, 26, 37], and
multi-agent or open-ended task environments [19, 21, 43, 59, 62, 63].
We view this line as important. Our claim is narrower: many pro-
duction settings should place self-improvement in a controlled fac-
tory that repeatedly rebuilds fixed task agents, rather than in a run-
time agent that edits itself. Runtime self-improvement optimizes
for autonomy; industrial deployments must also manage time-to-
value, cost, reproducibility, privacy, rollback, and accountable own-
ership. Peer review makes the tension visible because both over-
automation and under-verification are costly: review systems can
overfit to human scores and proxy metrics [5, 16, 18, 36, 40, 44],
reinforce weak scientific incentives [4, 20, 55], and produce plau-
sible but ungrounded criticism under information and factuality
limits [10, 28, 31, 46, 51, 54, 57, 58, 65].

We make three contributions. First, we formulate the asym-
metric mutability boundary for production agents: the factory may
regenerate new task-agent artifacts offline, but the deployed agent
does not self-modify while serving users. Second, we report a
deployment-grounded case study of this pattern in Sira/CSPR, in-
cluding how user feedback is converted into offline failure triage
rather than online learning. Third, we provide a bounded validation-
trace comparison with a mutable-archive baseline to illustrate
search behavior under a small scored-candidate budget. The compar-
ison is not an ablation proving that constraint alone beats openness;
it evaluates the deployed product pattern of constrained regenera-
tion plus expert priors.

2 Sira: A Review-Agent Factory
Sira is the agent-creation backend used to produce venue-specific
CSPR review agents. Its central design choice is an asymmetric

1CSPR (https://cspaper.org) processed over 150,000 review requests from 130 countries
at the time of writing, according to aggregate production telemetry.

mutability boundary: the factory improves agents, but deployed
agents do not improve themselves while serving user manuscripts.
A review agent is treated as a versioned product artifact rather
than a continuously learning worker. Concretely, each venue build
contains a deployed agent

𝑎𝑣 = (𝑚𝑣, 𝑟𝑣, 𝑝𝑣, 𝑡𝑣, 𝑐𝑣, 𝑢), (1)

where𝑚𝑣 denotes venue metadata, 𝑟𝑣 official rubrics and calls-for-
papers, 𝑝𝑣 prompts and reasoning policies, 𝑡𝑣 review templates, 𝑐𝑣
calibration and score-mapping rules, and𝑢 shared utility code inher-
ited from the CSPR serving harness. A separate sidecar 𝑏𝑣 contains
training benchmark papers, expected labels, and evaluation records;
it is not deployed with the agent. Sira modifies𝑚𝑣, 𝑟𝑣, 𝑝𝑣, 𝑡𝑣, 𝑐𝑣, and
𝑏𝑣 during creation/tuning, while 𝑢 and the factory controller are
frozen during a run and maintained separately by engineers and
domain experts. A factory improvement step can be written as

(𝑎 (𝑘+1)𝑣 , 𝑏
(𝑘+1)
𝑣 ) ← 𝐹𝜙 (𝑎 (𝑘 )𝑣 , 𝑏

(𝑘 )
𝑣 , 𝐸 (𝑎 (𝑘 )𝑣 ;𝑏 (𝑘 )𝑣 ), 𝑆𝑣, 𝐻𝑣), (2)

where 𝐹𝜙 is the frozen factory agent, 𝐸 is the evaluation harness,
𝑆𝑣 is the expert-maintained skill library, and 𝐻𝑣 captures explicit
human guidance. The allowed actions are intentionally mundane:
source official venue information, create or tune a review agent,
curate training benchmark papers, run evaluation, inspect failures,
and push a named version to the archive. The point is not to prevent
improvement; it is to make the locus of improvement inspectable.
Sira edits the parts of the system that should vary with venue and
evidence, while leaving the execution harness and online service
behavior reproducible.

Concretely, each tuning run follows the same sequence. (1) A
human trigger, such as new venue instructions, a benchmark failure,
or a low-rating audit ticket, opens a versioned run. (2) The frozen
factory 𝐹𝜙 materializes a candidate by editing only𝑚𝑣, 𝑟𝑣, 𝑝𝑣, 𝑡𝑣, 𝑐𝑣
and the training sidecar 𝑏𝑣 ; it cannot edit the executor, common
utilities𝑢, evaluation scripts, validation set, or its own controller. (3)
The candidate is scored on training benchmark packs and inspected
through rubric-level failure summaries; optional human guidance
𝐻𝑣 is recorded as part of the run. (4) Only after the candidate is
materialized, the fixed evaluator scores it on the validation split
for reporting and archive comparison. Validation examples and
labels are not copied into prompts, sidecars, or human guidance. (5)
A promoted candidate is pushed as a named archive version, and
the online service loads that frozen bundle until a later offline run
replaces it. Thus, “self-improving” here means factory-mediated
regeneration under fixed skills and logged human governance, not
autonomous runtime learning from private submissions.

In production, creation or tuning is manually triggered by engi-
neers or domain experts when new venue information, benchmark
failures, review-quality observations, or user feedback suggests
that an agent version should be repaired or specialized. Sira then in-
vokes expert-distilled skills (e.g., sourcing review forms, creating or
tuning agents, sourcing training benchmarks, running benchmarks,
inspecting failures, and pushing archived versions) to regenerate the
task-specific bundle. The serving harness and common utility code
remain engineer-maintained; factory skills remain domain-expert-
maintained; only venue-facing artifacts and training/evaluation
sidecars are edited.

https://cspaper.org
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Table 1: Design contrast. Sira sacrifices some open-endedness to satisfy production constraints that matter for unpublished
scientific manuscripts: reproducibility, privacy, rollback, and cost control.

Dimension Open editable-agent baseline Sira factory regeneration Practical implication

Editable object Task behavior and the procedure that
generates future task behavior may both
change.

Factory skills and common utilities are
frozen during a run; only venue-specific
review-agent artifacts and benchmark
packs evolve.

Stronger auditability and cleaner owner-
ship between engineers, domain experts,
and deployed agents.

Improvement site Improvement can be coupled to the live or
fully autonomous agent loop.

Improvement is offline: regenerate, evalu-
ate, version, and redeploy.

Live research manuscripts are processed
by fixed agents, improving reproducibility
and rollback.

Search bias Broad exploration can discover surprising
mechanisms but may spend budget redis-
covering domain structure.

Expert-constrained search begins with of-
ficial rubrics, known failure modes, cali-
brated examples & benchmark diagnostics.

Can reduce search effort when the target
is a narrow vertical product rather than
open-ended discovery.

Evidence used for
promotion

Any feedback the agent can exploit, often
entangled with evolving meta-procedures.

Fixed validation packs, refreshed bench-
mark samples, rubric-level diagnostics,
and human failure triage.

Promotion decisions are easier to replay
and contest.

Risk profile More expressive but harder to boundwhen
the self-modification mechanism changes.

Less general but designed for privacy, gov-
ernance, and predictable service behavior.

Appropriate for high-volume pre-review,
not a replacement for human reviews.

(a) Rating distribution (b) Low-rating breakdown

Figure 2: Post-review quality ratings for CSPR outputs col-
lected after delivery (𝑛 = 1,838 ratings; 630 one- or two-star
ratings). Low-rated reviews are not used as online training
data; when policy permits, they are audited as de-identified
operational signals for revision utility, failure triage, and
benchmark refresh. In this snapshot, low ratings concen-
trate most heavily around borderline recommendations, sug-
gesting that near-threshold papers are useful for diagnosing
calibration and feedback-quality failures.

User feedback on delivered reviews is an especially useful oper-
ational signal because it reveals failures that benchmark accuracy
alone may miss. As shown in Figure 2, CSPR collects post-review
quality ratings and audits low-rated cases by their overall recom-
mendation scores [7]. These ratings are not online training data.
When policy permits, low-rated reviews become de-identified tick-
ets, aggregate diagnostics, or benchmark-refresh candidates that
engineers and domain experts inspect before any offline tuning
run. This conservative boundary matches peer review’s trust re-
quirements: private manuscripts may reveal where the system fails,
but they should not silently alter the system that reviews the next
research manuscript. This telemetry motivates offline triage and
benchmark refresh; it is not used below as evidence that Sira pro-
duces higher-quality critiques than the baseline.

3 Comparative Study: Sira vs. HyperAgents
We evaluate Sira in the same paper-review domain studied by Hyper-
Agents [67], but with a different split protocol for an agent-creation
pilot rather than a leaderboard reproduction. Each sample contains
the full text of an AI research paper and a binary accept/reject label
derived from real conference decisions. This label is a decision-side
proxy: it measures agreement with historical outcomes, not the fac-
tual correctness or usefulness of generated critiques. We re-split the
available paper-review dataset into a fixed 70/30 train–validation
partition, keeping the split and class balance unchanged across all
runs. The training split is used inside the creation loop: Sira cre-
ates, repairs, and evolves candidate ICLR-style CSPR review agents
using training feedback, benchmark failures, and human-inspected
observations. The validation split is kept outside candidate con-
struction and used to score and report the generated candidates
and the search trajectory in Figure 3. The operational question
is how this constrained, auditable factory behaves under a small
scored-candidate budget.

The 70/30 split is used as a train–validation split, not as a train–
validation–test protocol. Training papers and labels may be used
inside the creation loop through 𝑏𝑣 . Validation papers are held out
from candidate construction: their text and labels are not included
in 𝑏𝑣 , prompts, benchmark packs, or human guidance. However,
validation accuracy is the scoring signal used to plot and compare
candidate trajectories, so “best validation accuracy” is a selected-on-
validation statistic rather than an untouched test estimate. We also
do not report a near-duplicate/resubmission audit, temporal split,
or base-model pretraining cutoff relative to the paper decisions.
The numbers should therefore be read as within-protocol historical
decision-label alignment, not as fresh-conference generalization.

The baseline is a HyperAgents-style adaptation in which both
task-agent behavior and the mutation policy that proposes future
candidates are represented in an editable archive. It is not an official
reproduction of HyperAgents, and we make no claim about the
original system. The baseline and Sira share the base model, split,
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Table 2: Five-run validation summary on the re-split paper-review dataset. Both settings are repeated five times on the same
70/30 train–validation partition.

Performance metric (↑/↓ better) Sira HyperAgents-style

Best validation decision-label accuracy (↑) 0.941 ± 0.018 0.865 ± 0.049
Final archive mean decision-label accuracy (↑) 0.868 ± 0.023 0.590 ± 0.072
Scored candidate steps to best validation score (min–max ↓) 2–5 6–15
Mutable meta agent during run No Yes

Notes. Values with ± denote mean ± run-to-run standard deviation over five repeated runs. Accuracy is binary agreement with historical accept/reject
labels; it is not a measure of factuality, novelty assessment, review helpfulness, fairness, or calibration. The validation split is held out from candidate
construction but used for trajectory scoring, so the best-validation row is selected on validation and should not be interpreted as untouched test
performance. The final-archive mean is an archive-stability diagnostic, not a final-agent capability metric, because exploratory methods intentionally
retain weak intermediate candidates.

evaluator, scoring script, and candidate-scoring budget. They do not
isolate a single causal variable: Sira’s deployed pattern intentionally
bundles constrained mutability with expert-maintained priors (𝑆𝑣),
while the mutable-archive baseline is allowed broader structural
changes but does not use the same hand-shaped factory skills. The
comparison therefore asks a product question: how the Sira pattern
behaves under a small budget relative to an open mutable-archive
adaptation, not whether constraints alone are universally better
than open-ended self-improvement.

The five-run results support a bounded operational reading. Un-
der this protocol, Sira found a higher-scoring validation candidate
and reached it with fewer scored candidate steps. The final-archive
mean should be read only as a stability diagnostic: it indicates that
Sira’s constrained archive contained fewer low-scoring exploratory
candidates, not that every candidate in the archive was a better
deployable agent. The likely explanation is search compression
from human priors (official rubrics, known review failure modes,
score-calibrated templates, and benchmark-aware failure analysis)
rather than greater generality. Open-ended systems can in principle
discover such structure; the product question is whether to pay
that exploration cost when the structure is already available from
domain experts.

This distinction can be expressed as an engineering objective
rather than a philosophical preference:

argmax
𝑎

𝑈𝑣 (𝑎) − 𝜆𝐶 (𝑎) − 𝜌𝑅(𝑎) − 𝛾𝑇 (𝑎), (3)

where𝑈𝑣 (𝑎) is venue-specific utility,𝐶 (𝑎) is compute, engineering,
and human-curation cost, 𝑅(𝑎) is operational risk such as privacy,
leakage, auditability, and rollback risk, and 𝑇 (𝑎) is time-to-deploy.
In this paper, 𝑈𝑣 is only partially proxied by validation decision-
label accuracy, and scored candidate steps are only a rough search-
effort proxy rather than a full measurement of 𝐶 or 𝑇 . We do not
report token cost, wall-clock tuning time, serving latency, or expert-
hour cost for maintaining 𝑆𝑣 ; Eq. (3) is therefore an engineering
objective that motivates the design, not a fully measured result. A
more general self-improving agent may eventually improve𝑈𝑣 , but
a factory can be preferable when it reduces the operational terms
enough for a production setting.

4 Scientific and Industrial Implications
The comparison above highlights several design observations for
scientific and industrial self-improving agents.

Put self-improvement at the artifact boundary. A review
agent serving an unpublished manuscript should be stable enough
to debug, versioned enough to cite, and frozen enough to reproduce.
Improvement belongs in the factory that creates the next version.
This resembles continuous integration for software, except the
tested unit is an agent bundle containing rubrics, retrieval policies,
prompts, templates, calibration rules, and evaluation packs.

Treat evaluation as product infrastructure. Sira does not pro-
mote an agent because its reviews sound more polished. Promotion
is tied to fixed validation packs, refreshed training benchmark packs,
rubric-level diagnostics, and qualitative failure audits. This con-
nects to work on evidence grounding and retrieval [13, 57], truth-
ful and factual generation [31, 35, 38], model and dataset report-
ing [3, 14, 39], generated-text detection, reasoning, and uncertainty-
aware behavior [15, 22, 61], and broad model and agent evalua-
tion [8, 28, 33, 60, 69]. For scientific agents, evaluation is not an
appendix; it is part of the deployed object.

Use human expertise as search compression, not merely
supervision. The factory is dominated by human-maintained skills
because venue expertise is itself a high-value prior. A domain expert
who encodes review rubrics, common failure modes, and calibration
examples can remove many unpromising branches before explo-
ration starts. This does not make the system less scientific. It makes
the optimization target more honest: the goal is not maximal au-
tonomy, but reliable task performance under cost, privacy, and
governance constraints.

Produce contestable artifacts, not final judgments. CSPR
and Sira are designed for pre-submission feedback and computa-
tional research assessment, not for replacing program committees.
The output should be an evidence-linked, rubric-grounded critique
that authors and reviewers can challenge. This matters because
peer review is a social decision process: assignment and bidding
shape who evaluates what [47], outcomes contain arbitrariness and
inconsistency [9, 25, 50], and datasets or models capture only parts
of that process [23, 27]. A system that merely imitates historical
decisions can preserve the appearance of review while missing the
epistemic work of verification.

Scope of transfer. Our evidence is strongest for domains that re-
semble the paper-review setting studied here: the task has public
or stable instructions, expert-maintained rubrics, versionable arti-
facts, repeatable evaluation packs, and high cost for uncontrolled
online adaptation. We do not show that the same advantage holds
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(a) Sira search tree (b) Sira progress (c) HyperAgents-style tree (d) HyperAgents-style progress

Figure 3: Representative self-improvement traces on the paper-review validation task. Nodes show archive candidates; colors
encode validation accuracy when available; N/A marks unscored nodes; diamonds mark the final best candidate. This run
illustrates the behavior summarized over five runs in Table 2: Sira reaches a high-scoring validation candidate with fewer
scored candidates, consistent with the interpretation that venue rubrics, expert skills, and benchmark-aware failure analysis
pre-shape the search space.

when these conditions are absent, for example when objectives
change quickly, feedback cannot be audited, or useful priors must
be discovered from scratch.

5 Limitations and Responsible Use
This paper should be read as a position paper grounded in a de-
ployed system, with a small validation-trace study used to illustrate
the design rather than to settle a benchmark. The trace supports a
practical claim: in one review-agent creation setting, a governed
factory with expert priors found a high-scoring validation candi-
date in 2–5 scored candidate steps while preserving an auditable
artifact boundary. It does not isolate which ingredient caused the
gain. The effect of constrained mutability is entangled with venue
rubrics, calibration templates, benchmark curation, and human-
inspected failure analysis. Likewise, binary agreement with histor-
ical accept/reject labels is only a decision-side signal. It is useful
for debugging calibration, but it is not review quality: it does not
measure factuality, depth of criticism, novelty assessment, author
usefulness, or fairness across topics, institutions, and regions.

The next empirical step is to make the factory pattern more
measurable: evaluate across more venues, add untouched final test
sets, run matched-prior ablations, log per-iteration artifact diffs,
and report token cost, latency, and expert time. Until then, Sira
should be interpreted as an operational pattern for privacy-sensitive
vertical agents, not as evidence that constrained self-improvement
universally dominates open-ended self-modification.

Responsible deployment also requires a strict product bound-
ary. Review agents should not be used as authoritative acceptance
predictors, should not silently learn from private submissions, and
should not be presented as substitutes for human reviewers. Their
role is earlier and narrower: help authors identify missing evidence,
weak claims, unclear contributions, benchmark gaps, and rubric
mismatches before submission. In that role, the factory pattern
provides a pragmatic compromise between adaptation and control.

6 Conclusion
Open-ended self-improving agents ask how far agents can go if
they rewrite themselves. Sira asks a complementary industrial ques-
tion: how much value can be delivered when agents are built and

tuned by a disciplined factory? In the CSPR deployment, this fac-
tory pattern provided a practical way to regenerate venue-specific
review agents while keeping a clean audit boundary between fac-
tory, benchmark, and online service. The broader lesson is not that
generality is bad. It is that generality should be placed where it
pays for itself. For vertical agents with stable rubrics, auditable fail-
ures, and privacy-sensitive inputs, the frontier may be less about
free-running autonomy and more about auditable production lines
that know exactly what not to let change.
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