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Abstract—Coding agents can quickly build prototypes, but
a long tail of fixes, optimizations, tests, and releases separates
a prototype from a product. A software factory handles this
ongoing work through a repeatable process. We ask whether
this work needs dedicated orchestration and how such factories
should be judged. Given a tested repository and a coding agent,
an instant software factory uses only two coordination inputs, a
swarm of cron-job agents with standing objectives and a shared
communication board, such as GitHub, where agents coordinate
through the traces they leave. We developed a bootstrap prompt
designed to set up both inputs from one round of human input,
with governance as a separable layer. We distilled it from two
manually configured industrial factories, observed for 15 and 17
days, and have not yet evaluated it. In the GitHub-coordinated
CLI factory, daily merges rose 15× during agent rollout, an
observed association. Its agents also filed 95% of new issues and
authored 40 of 58 PRs that changed CI workflows, and at least
5.6% of issues marked as fixed were later found to have incorrect
fixes. Unlike an agent scored on a fixed benchmark, a factory thus
changes its own workload, evaluator, and measured progress. We
formulate factory development as multi-objective optimization
under this endogenous feedback. Over five months, we plan to
evolve both factories, test the bootstrap on new repositories, and
test five falsifiable hypotheses.

Index Terms—Autonomous software engineering, multi-agent
systems, software factories, software maintenance

I. INTRODUCTION

Coding agents, systems based on large language models
(LLMs) that read code, use tools, and propose changes, have
opened over 930,000 pull requests (PRs) on GitHub [1] and
quickly build prototypes. Yet a prototype is far from a product.
Bugs, edge cases, regressions, compatibility breaks, flaky
continuous integration (CI), and releases create a long tail of
work (Fig. 1, top). Prompting an agent through every task
makes developer attention the bottleneck. A software factory
handles such work with specialized roles, common tools, and
repeatable processes [2].

Building a factory for this tail is often treated as a substantial
engineering effort. Stripe, Ramp, Spotify, and Uber have
built internal agent platforms [3]–[6], research systems use
orchestrators and message passing [7]–[9], and MAGE models
factories as production systems with many controls [10]. But
how much infrastructure does a software factory actually need,
and how should its progress be judged?

We explore a simpler alternative, an instant software factory,
and separate two claims. Our sufficiency hypothesis is that
two coordination inputs suffice for a factory for PR-sized
work. Our feasibility hypothesis is that a bootstrap prompt we
developed can configure both inputs in one session from a
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Fig. 1. Instant software factories. Cron-job agents and a communication board
such as GitHub coordinate the factory. Governance is separable but mandatory.

single round of human answers (Fig. 1, bottom). One factory
gives early evidence for the first, and the second is untested.

We distilled this design from two industrial factories built by
hand before the bootstrap existed. They suggest that judging
a factory is harder than assembling one, which we see as
the main new problem. Agent benchmarks fix the tasks and
tests, and studies of reward overoptimization fix the reward
model [11]. A factory’s actions instead change its product, the
work it is given, and the process that evaluates it, a loop we
call endogenous feedback. In the CLI factory, agents filed 95%
of issues (endogenous workload) and authored 40 of 58 CI
workflow PRs (endogenous evaluation), and 7 incorrect fixes
shipped unrepaired (delayed verdicts). Throughput can then
overstate progress, so factories must optimize independently
valued, validated, and delivered changes.

Key idea. Given a tested repository with CI and a coding agent
with repository access, a factory for PR-sized work may need only
two coordination inputs: (1) Â Cron-job agents with standing
objectives, such as finding bugs or improving CI. Each run reads the
board, does one bounded task, and exits. (2) Á A communication
board, such as GitHub’s issues, PRs, checks, and reviews. Agents
coordinate through stigmergy, following each other’s traces without
an orchestrator. è Governance, such as approval and a stop switch,
is a separable, mandatory layer scaled to risk.

We contribute (1) a formulation of factory development as
multi-objective optimization under endogenous feedback,
with a progress measure that agents cannot edit and five
testable hypotheses (§V–VI), (2) observations of endogenous
workload, endogenous evaluation, and delayed verdicts in
two factories (§IV), and (3) a two-input design, posed as
a sufficiency hypothesis, with a released, not yet evaluated
bootstrap prompt [12] (§III).



(a) The prompt’s seven parts
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Fig. 2. Anatomy of the bootstrap. (a) Prompt parts. (b) Setup session. (c) Running factory. Orange dashed items form the separable governance layer.

II. AGENT SWARMS AND SOFTWARE FACTORIES

Swarms and stigmergy. Social insects coordinate through
stigmergy, leaving traces in a shared environment that guide
later actions [13], and blackboard systems let specialists coor-
dinate through shared information [14]. LLM agents sharing
persistent artifacts develop specialized roles [15], but teams
without centralized verification can propagate errors [16],
motivating a shared board and a merge gate.
Agent factories. Research systems and toolkits rely on mes-
sage passing or dedicated orchestrators [7]–[9], [17]. Practi-
tioners have also coordinated scheduled agents through GitHub
issues and PRs [18]–[20], but typically configure agents indi-
vidually and report activity or merge rates. We add no coor-
dination mechanism and instead test whether these primitives
suffice for a whole factory initialized by one prompt, judging
factories under endogenous feedback by changes that hold
after merge and reach users.

III. THE BOOTSTRAP

We developed a bootstrap prompt, distilled from two hand-
built factories (§IV), to set up a factory in one session, an
untested feasibility hypothesis (§VI). A developer gives a
coding agent in the target repository a 1,400-word prompt
(Fig. 2). The design targets tasks that fit one PR and can wait
an hour. Production deployment and multi-repository work are
out of scope, and tightly coupled work may need planners [21].
Â Input 1: cron-job agents. Each agent is a saved routine
launched on a cron schedule at most once per hour [22].
Runs keep no memory beyond the board. Eight roles divide
the work. QA and performance agents find problems and
file issues. Implementation, CI, and architecture agents fix
them through PRs. Review and merge agents gate changes.
A manager, itself a routine, steers work through the board,
assigning tasks, tuning models and schedules within budget,
and balancing objectives (§V).
Á Input 2: the board. Issues record tasks and evidence,
PRs carry changes, and checks and reviews provide verdicts.
Any board that holds these three kinds of traces suffices. Our
bootstrap targets GitHub and scheduled Claude Code tasks.
A One setup session. The agent inspects the repository, asks
the human once about budget, QA priorities, and approvers,

and opens a setup PR, enabling schedules only after testing
governance controls and obtaining approval.
Manual setup lessons. Hand-built routines shaped the plat-
form notes. Tool lists alone did not enforce GitHub per-
missions, so the prompt tests each restriction. CI capacity
and GitHub reliability were the main bottleneck, motivating
adaptive run rates (§V).
è A separable governance layer. Governance restricts agent
actions without changing how they coordinate. For software
that users install, merges by default require passing checks,
independent review of the latest commit, and human approval.
Agents check a stop switch before every write and must ignore
instructions in retrieved content. Teams scale controls to the
risks of their changes, but the layer remains mandatory.

IV. TWO WORKING FACTORIES

We examine four dimensions of factory operation, con-
tinuity (working without repeated prompting), governance
(controlling agent actions by risk), correctness (changes that
hold under independent checks), and delivery (changes reach-
ing users). Following case-study and GitHub-mining guide-
lines [23], [24], we studied two industrial factories operated
by one organization: a CLI system for 15 days (escapes tracked
through day 17) and an agentic system for 17 days. The
CLI factory instantiates the two-input design, and the agentic
factory offers a contrasting architecture. Neither evaluates the
bootstrap’s automated setup.
_ The CLI system applies security patches to dependencies
across nine software package registries and about twenty
package managers. It uses exactly two coordination inputs,
about 30 scheduled agents, introduced over days 0–11, and
GitHub as their shared board, with no orchestrator.
Æ The agentic system patches vulnerabilities in open-source
packages, validating each patch with a proof-of-concept attack
and regression tests. We study the swarm maintaining its
validation harness, whose checks returned no verdict in 28%
of reruns. It instead uses service loops and a shared database
work list. A scout groups failures into defect types, a fixer
submits PRs, a verifier reruns checks, a judge rejects package-
specific fixes, and a recovery agent restarts blocked runs.
O1 (continuity): both factories sustained work with dif-
ferent architectures. After the CLI swarm started, daily
merged PRs rose from 2.2 to about 35, peaking at 115 on
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Fig. 3. The two factories through an optimization lens. (a) CLI open issues (loss proxy), new issues per day, and daily fixed issues (throughput) with no
detected escape or an escape. (b) CLI changes to CI workflows and agent instructions by agents and humans, and LLM-rated effects of agent CI PRs. (c)
CLI step size. (d) CLI detection against release, as the share of 25 escapes not yet reported and, for a different cohort, of 425 eventually shipped fixed issues
(escapes included) already released. (e) Outcomes of 704 CLI issues and 134 agentic defect types. No detected escape does not establish correctness.

day 9. Agents filed 95% of 704 new issues, and merged PRs
closed 450 (64%) as fixed [25] within a median of 46 hours
(Fig. 3e). Open issues, a proxy for loss, peaked at 323 as agents
discovered bugs, then fell to about 140 and stabilized as new
reports matched fixes (Fig. 3a). On a sampled day with 69
merges, agents cost $1.2k, or $17 per merge before CI costs.
The agentic factory spent $869 on 21 merged harness fixes,
or $41 each, resolving 21 of 134 defect types (16%).

O2 (governance): controls depend on context and may limit
throughput. In the CLI factory, 77% of agent merges changed
user-installed code. A second person approved 534 of 541
merged PRs. A merge queue added on day 7 rejected 29 failing
agent PRs and delayed others a median 26 minutes as daily
merges doubled. Agentic fixes instead affect only an internal
harness, and a judge screens them before human approval. One
reviewer approved 502 CLI PRs without requesting changes,
questioning review effectiveness and, as another agent-first
team found [26], scalability.

O3 (governance): agents also modify the rules. CLI agents
authored 40 of 58 PRs changing CI workflows, while the main-
tainer made all 16 changes to agent instructions. Two LLM
raters classified CI effects (κ = 0.91), including 7 PRs that
loosened checks (Fig. 3b). Humans reviewed these changes,
so edits to the factory’s own controls stayed governed.

O4 (correctness): merged fixes do not always hold. By
day 17, at least 25 of 450 fixed CLI issues (5.6%) were
escapes: incorrect fixes [27] that broke another case of the
issue (17) or left part unfixed (8) [28]. None was reopened,
although reopening often signals faulty fixes [29]. In the
agentic factory, 3 of 14 replayed fixes (21%) recurred.

O5 (delivery): merged fixes must reach users. Two CLI
releases shipped 94% of fixed issues after a median integration
delay [30] of 3.9 days. Agentic harness fixes propagate only
when the runs they unblock restart, and a recovery sweep
resumed 11 of 22 blocked runs.

O6 (delivery): escapes race releases. Reports, mostly from
bug-hunting agents, identified 22 of 25 CLI escapes within
a day of merge (Fig. 3d). Release delays allowed 14 to be

corrected before shipment, but 7 shipped unfixed, including 4
before being reported.
Threats to validity. Both factories belong to one organization,
the bootstrap’s sole source, and were observed for two to three
weeks. Both retained human approval, leaving the minimum
necessary governance unknown. CLI agents were introduced
over days 0–11, and their instructions changed 16 times, so
before-and-after differences cannot establish causality. The
different workloads and lack of an architectural baseline
prevent claims of superiority. Operators stopped the agentic
swarm on day 16, and humans amended 7 of its 21 fixes.
Escape counts depend on scouting coverage, classifications
rely on LLM raters, and CLI costs come from one sampled
day. We found no evidence of intentional gaming and did not
test whether agent CI changes caused escapes.

V. THE SOFTWARE FACTORY AS A MULTI-OBJECTIVE
OPTIMIZATION PROBLEM

Inspired by search-based software engineering [31], we
frame factory configuration as a multi-objective optimization
problem, with merged PRs as steps and manager-controlled
settings (objectives, schedules, PR scope, and notes) as hy-
perparameters under governance constraints (Table I). The
framing defines what to measure and test and proposes no
new optimizer. Let the factory state be St = (Pt, Bt, Et),
the product, backlog, and validation process, with measured
progress R̂t = Et(Pt, Bt). Agent actions at reach R̂t through
three channels. They file issues into Bt (workload, O1), edit
CI so that Et+1 = G(Et, at) (evaluator, O3), and merge
before an independent evaluator E∗ judges Pt (delay, O4,
O6). Maximizing R̂t can thus reward growing the backlog,
loosening checks, or merging early. We therefore measure
progress with E∗, which agents cannot edit, and counter each
channel with a safeguard, preset task values, held-out tests
outside G (H5), and estimates taken after a fixed delay.
Initialization. As initialization affects convergence [32], the
bootstrap would initialize objectives, roles, schedules, and
controls. Its defaults come from two manual factories, may
inherit their biases, and have untested effects.



TABLE I
OPTIMIZATION CONCEPTS MAPPED TO FACTORIES, WITH PRELIMINARY

DATA FROM §IV.

Concept Preliminary data

Optimizer Factory CLI system Agentic system

Initialization bootstrap manual, 11-day rollout manual
Objectives agent goals (H1) ∼30 agents 5 roles
Learning rate run rate (H2) ∼30 fixed schedules service loops
Step size issues per PR (H3) 450/331 = 1.36 one defect type
Momentum notes (H4) issue and PR threads shared defect list
Generalization gap escapes (H5) ≥25/450 issues 3/14 recurred

Objectives (H1). A single weighted loss can hide trade-offs
between competing objectives [33]. CLI agents accelerated
CI by moving end-to-end tests to nightly runs (O3), delaying
detection of breakage until after merge. Specialists may expose
such conflicts so the manager can protect the worst-served
objective, while a generalist folds them into one loss.
Loss, velocity, and cost. Open issues estimate loss. We define
velocity as lasting, delivered progress, like time-to-accuracy in
training [34], and treat merge rates as throughput only. Ni(π)
counts unprompted changes toward objective i per week under
configuration π that E∗ judges correct, that reach users, and
that carry severity weights set independently of the agents.
The manager seeks a Pareto-optimal π:

max
π

(︁
N1(π), . . . , Nm(π)

)︁
(1)

subject to weekly LLM, CI, and review cost C(π) ≤ Cmax,
human time T (π) ≤ Tmax, escape rate ≤ τ , and governance
constraints. Hidden escapes make measured Ni an upper
bound, taken after a fixed audit window such as two weeks.
Worked example. Pooled over the CLI study, throughput
counts 450 fixed issues. Delivery keeps the 425 that shipped,
and correctness drops the 7 that shipped with a detected
escape, leaving at most 418. As agents filed 95% of issues
(O1), the maintainer would assign each an objective and a
severity from a preset rubric, such as broken installs above
wrong messages, and divide each Ni by a preset target so
objectives are comparable (H1). Agent CI PRs would count
only toward the CI objective, never as product progress.
Learning rate and momentum (H2, H4). Like an adaptive
learning rate [35], run frequency could track verified progress,
escapes, and cost, which neither factory did, although CI and
review limited the pace (O2). Like momentum [32], notes in
issue threads or the defect list carry context across memoryless
runs but can mislead when stale.
Step size (H3). Issues per PR coarsely approximate step size,
and each PR incurs review, CI, and merge costs (O2). Of
331 issue-closing CLI PRs, 60 fixed multiple issues, 40% of
all fixed issues (Fig. 3c), with a per-issue escape rate of 3.9%
versus 6.6% for single-issue PRs, an inconclusive gap (Fisher’s
p = 0.29, ignoring PR clustering).
Generalization gap (H5). A patch may pass its own tests but
fail held-out ones [36], as some fixes in both factories did
(O4). Bug-hunting agents already act as held-out tests (O6).

TABLE II
PLANNED EXPERIMENTS AT EQUAL COST. H1–H4 TEST BOTH FACTORIES,

AND H5 ONLY THE CLI FACTORY.

Hyp. Comparison (unit) Prediction

H1 Specialists vs. generalist (area) Higher min. Ni/target
H2 Adaptive vs. fixed rates (week) Higher velocity at equal cost
H3 Up to 5 vs. 1 issue/PR (root cause) More fixes/review hour, same

escapes
H4 Recent vs. all vs. no notes read (run) Recent notes, highest velocity
H5 Held-out vs. standard gate (CLI PR) Fewer escapes, slowdown ≤ δ

H5 tests whether held-out tests, run before merge outside G
and hidden from the agents they judge, reduce escapes more
than agent-modified CI checks (O3).

VI. FUTURE PLANS

Software engineering uses case studies to develop and test
hypotheses [23], as Mockus et al. did with Apache and
Mozilla [37]. Over five months, we will evolve both factories
and restart the agentic swarm. For feasibility, we will run
the bootstrap on new repositories, comparing setup effort,
control-test failures, and time to the first E∗-validated merge
with manual setup. For sufficiency, we will record whether
operators must add coordination, such as an orchestrator or
a work database, to sustain Ni for a month. H5, our central
experiment, tests the evaluator channel. H1–H4 score arms by
Ni, which discounts agent-filed value and unverified merges,
so gains cannot come from inflation.
Learn within each factory. Each experiment in Table II
randomizes its own unit under existing governance at equal
budgets. H1 alternates each package manager or defect type
between specialist and generalist arms across periods, so each
area serves as its own control. H2 randomizes schedule type
within consecutive week pairs, modeling trend and carryover.
H3 groups issues by shared root cause before randomization,
stratified by group size, with PR-clustered analysis. H4 hides
notes older than a week or all notes from a run without
changing its tasks. H5 randomizes CLI PRs, and arm-blind
scouts judge escapes per fixed issue for 14 days after merge,
with PR-clustered analysis and a preset velocity margin δ.
Detecting a halved 5.6% escape rate at 80% power and
α = 0.05 needs 800+ fixes per arm, about three months at
late-study rates, more under clustering.
Generalize across factories. Settings that hold in both fac-
tories and, by architectural similarity [38], in factories with
public boards [19], [20] become candidate best practices.
Domain-specific or general. Prior software factories targeted
particular product families or domains [39], [40]. On DARPA’s
AIxCC tasks, specialized systems fixed bugs missed by general
agents [41]. Since no optimizer performs best on every prob-
lem class [42], we will test whether lessons from our security
factories transfer to other domains. Generalizable settings can
become bootstrap defaults, and others setup questions.
Self-tuning and evolution. Like an experience factory [43],
an adaptation skill will let the manager tune settings from
cost, correctness, and delivery within governance [44]–[46].



DATA AVAILABILITY

The artifact [12] contains the bootstrap and will include its
revisions and experimental scripts. Case records remain private
for confidentiality.
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