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Abstract

Agentic Al can perform knowledge-based tasks, but data engineering teams need more
than successful individual executions. This paper argues that the task automation factory
is the production mechanism that turns recurring agent execution into governed software
capacity. In practice, generative Al has made automation easy to attempt while leaving
many prompts, scripts, workflows and agent runs as one-off artifacts. Agentic Al execution
is therefore not automation. Automation begins when recurring work becomes verified
software capacity. Task automation economics names the software engineering economics of
this shift under generative-Al cost structures. It asks when recurring work should stop being
purchased as isolated agent runs and should instead be released as governed automation
assets. Data engineering grounds the insight because ingestion, cleaning, schema mapping,
transformation, validation, orchestration, lineage and backfills recur across teams. The
economic unit is not the agent run. It is the verified automation asset: a released object
that can be specified, verified, audited, reused and replaced. The paper introduces task
automation economics, defines the verified automation asset and explains how axnrun-
backed task automation factories turn recurring data engineering demand into governed
software capacity.
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1 The Task Automation Problem

Agentic Al execution is not automation. Automation begins when recurring
work becomes verified software capacity. The task automation problem is not the
absence of agent capability. It is the absence of a production mechanism that turns
recurring agent execution into governed software capacity. A run proves feasibility.
It does not create capacity.

The problem is a category error: it treats an event as an asset. An agent run
is an event. It can answer a request, produce a document or compare records. An
automation asset is different. It has a specification and evidence requirements. It
also has review criteria, a release state and a replacement path. Task automation
economics begins at this boundary.

Data engineering teams repeat knowledge-based tasks every day. They ingest
tiles, map schemas, clean records, transform tables, validate data quality, orchestrate



jobs and reconcile failures. These tasks require interpretation, system context and
operational judgment. They also require evidence preservation because sources,
transformations, checks and lineage must remain inspectable. An agent can perform
one instance of such work. That successful execution matters because it shows
feasibility. It is still not yet automation.

This run-level capability is well represented by work on reasoning-and-acting
agents [7]. Recent work on agentic software engineering extends this view toward
workflows, harnesses and lifecycle control [15]. These developments make the task
automation problem more urgent. The better agents become at execution, the easier
it becomes to mistake performance for capacity.

The distinction matters because repeated execution has weak economics. Each
run purchases output again. It does not by itself accumulate reusable capacity. A
data engineering team therefore faces a narrow question: when should recurring
workflow demand stop being bought as separate agent runs and become governed
software capacity?

This paper advances one argument: agentic Al becomes economically useful
for recurring data engineering work when task execution becomes task automation.
The economic unit is not the agent, prompt or run. It is the verified automation asset.
The asset can be specified and verified. It can be audited, reused and replaced. We
use axnrun and data engineering workflows as grounding because they expose the
missing runtime link between one-off execution and reusable automation.

The contribution is threefold. First, we introduce task automation economics
as a software engineering economics problem under generative-Al cost structures.
Second, we define the verified automation asset as the economic object that distin-
guishes task execution from task automation. Third, we propose the task automation
factory as the production mechanism that turns recurring demand into governed
software capacity.

The novelty lies in treating automation as capability formation rather than
task performance. Capability formation means that repeated work leaves behind
reusable organizational capacity. For data engineering teams, that capacity matters
because automation must improve repeated work without hiding sources, schemas,
transformations, checks or lineage. We focus on the economic and engineering
boundary where repeated agent runs become verified automation assets.

2 Task Automation Economics

Definition 1. Knowledge-based task. A knowledge-based task is repeated work
whose correctness depends on rules and records. It also depends on context,
evidence and exceptions. It is automation-relevant because it recurs. It is
governance-relevant because the team must justify how the result was produced.



Definition 2. Tusk automation economics. Task automation economics is the software
engineering economics of turning recurring knowledge work into governed
automation assets under generative-Al cost structures. It asks when recurring
work should stop being bought as separate agent runs and become governed
software capacity. Its unit of value is not an agent run. It is a verified asset that
can be released and reused.

We extend software engineering economics from software products to recurring
agent-mediated task assets [1]. Prior work framed software engineering agent eco-
nomics around markets and economic network simulations [14]. This paper moves
the economic unit from the software engineering agent to the verified automation
asset.

Definition 3. Verified automation asset. A verified automation asset is a released
automation object that converts recurring task execution into reusable software
capacity. Its task specification and evidence requirements are explicit. Its review
criteria and release state are captured. Its replacement path is defined.

Governed software capacity means a released automation asset whose specifi-
cation, evidence, release state and replacement path can be reviewed. For example,
an agent may clean one source table once. That is execution. The task becomes au-
tomation only when the transformation logic, evidence requirements, review criteria
and release state are captured as a reusable asset.

The economic question is whether engineering effort should be invested so
repeated execution becomes reusable organizational capacity. Repeated execution
spends value. Verified assets accumulate value. The economics become favorable
when reuse value exceeds lifecycle cost. Value comes from accumulated capability;
cost comes from specification, engineering, verification, audit records and replace-
ment. This lifecycle burden is familiar from technical debt in machine learning
systems [2]. A one-off agent execution can still be useful. It is only the first signal
that a task may be worth turning into software capacity.

The decision is a software engineering decision. The team asks whether the task
is stable enough to specify. It asks whether rules and evidence can be represented.
It asks whether a pipeline can be replayed and inspected. It also asks whether
the resulting asset can survive changes in sources, schemas, dependencies and
downstream contracts. If the answer is no, the task may remain assisted execution. If
the answer is yes, it becomes a candidate for task automation.

The distinction follows a software engineering logic: requirements are made
explicit, verification criteria are applied, and provenance records are preserved
[1,3,4,5].

We use a compact conceptual model, but the argument does not depend on
formalization.



Conceptual model. A candidate automation asset has seven reviewable parts: a
specification, governance template, pipeline, criteria, evidence, release snapshot
and replacement rule. The asset is accepted only when conformance, evidence
sufficiency, auditability and release integrity all pass. The model is shorthand
for reviewability rather than a formal claim.

The release snapshot and integrity requirement connect the asset to software
supply-chain concerns about artifact trust [6]. An automation asset is not trusted
because one run succeeded. It is trusted because its specification and governance
can be reviewed. Its pipeline, evidence and release state must also be reviewable. Its
replacement path must be clear. A pipeline output that fails these checks remains
execution. It is not automation.

3 Task Automation Factory Mechanism

A task automation factory is the mechanism that makes task automation eco-
nomics operational.

Definition 4. Task automation factory. A task automation factory is a software
engineering production mechanism for recurring task automation. It turns
repeated demand into governed automation assets. It connects specification
and governance; engineering and verification; audit records and release. It also
supports reuse and replacement over time.

The factory selects repeated demand and specifies the work. It then engineers
tools and pipelines. The accepted asset is verified, released and maintained. In this
paper, axnrun instantiates the runtime part of this mechanism: users submit tasks,
axnrun breaks each task into actions, runs existing tools and records what is missing.
When the same missing tool appears again, the factory can promote that gap into a
verified reusable asset.

We place this mechanism at the center of our argument. Without specification,
automation guesses. Without engineering, it remains repeated execution. Without
verification, it cannot be trusted. Without release, it cannot be reused. Without
replacement, it decays.

1. Select 2. Specify 3. Engineer 4. Verify 5. Release
Factory stage candidate > rules + > tools + > tests + audit > versioned
demand evidence pipeline record asset
C 5 trusted no reuse
If missin unclear unstable repeated un
& demand rules execution output or decay

Figure 1. Task automation factory mechanism. Repeated execution becomes automation only when it
is specified and engineered. It must also be verified, released and kept current.

A task automation factory is dark only as a software engineering production
metaphor. It can automate engineering work, but it must not make data, pipeline or
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workflow accountability invisible. Rules, evidence, audit records and replacement
paths must remain visible.

Recent industry discourse uses dark factory to describe software workflows
where agents operate inside explicit specifications, tests and release constraints
[21, 22, 23, 24]. Broader work on tool use, autonomous agents, agentic software
engineering and software-agent evaluation provides background for the run-level
capabilities that factories must govern [8, 9, 16, 17, 18, 19, 20].

We use a short bottleneck lens to clarify the factory mechanism. Factory
throughput is not the number of agent executions. It is the rate at which repeated
demand becomes verified automation assets. The bottleneck may be specification,
evidence or review. It may also be release discipline. We use this lens to support the
argument, but not as a second theory [12, 13].

4 Data Engineering as Starting Domain

We start with data engineering workflows because repeated work is every-
where. Ingestion scripts, schema mappings, cleaning rules, transformation jobs,
validation checks, orchestration DAGs and backfill procedures often begin as one-off
scripts or agent-assisted runs. They are useful, but they decay quickly when sources
change, schemas drift or the next pipeline needs the same capability in a slightly
different form.

axnrun addresses this gap as an open-source runtime for reusable automation.
Users submit tasks. axnrun breaks each task into actions, runs existing tools and
records what is missing. The important economic signal is not only that a task was
completed. It is that the same missing tool appears again. Repetition identifies
candidate demand for a reusable automation asset.

The hosted axn.run layer and shared toolbox provide implementation context
for axnrun, but the commercial layer is secondary to the paper’s mechanism. The
central claim is that recurring data engineering demand becomes valuable when it
can be converted into verified reusable assets rather than repeated one-off executions.



Data engineering artifact ~ Factory reading Why it matters

Ingestion script Evidence of repeated source Shows what users already try to
demand automate
Schema mapping Candidate reusable contract Stabilizes changing source
structure
Cleaning rule Candidate reusable Turns repeated preparation into
transformation governed capacity
Transformation job Executable automation asset Connects data logic, checks and
release state
Validation check Review and evidence layer Supports auditability and data
quality
Missing-tool record Demand signal for asset creation ~Shows what the factory should
build next

Table 1. How data engineering workflow artifacts map to task automation factory functions.

5 Evaluation Criteria and Limits

A task automation asset qualifies as durable capacity only when reviewers can
answer six questions. We use this checklist as the practical test for whether the unit
of analysis has shifted from run to asset.

Criterion Reviewer question

Explicit task Is the recurring work described clearly enough to engineer?
Defined evidence Is acceptance tied to rules and records?

Replayable pipeline Can the mechanism be rerun and inspected?
Reconstructible acceptance Can a reviewer explain why the asset passed?

Known release Is reuse tied to a reviewed release state?

Replacement path Is there a trigger for repair or retirement?

Table 2. Evaluation checklist for distinguishing task execution from task automation.

The reviewed-release criterion is also an artifact-trust requirement, not only a
deployment label [6]. The checklist avoids a common error: measuring only pipeline
or agent performance. A high-scoring output is insufficient if the team cannot link
it to a rule and evidence record. It must also link to a verification criterion, release
snapshot and replacement path. Conversely a modest deterministic tool may be
valuable if it replaces repeated execution with governed software capacity.

The checklist is narrower than general responsible-Al governance. It tests
whether a recurring task has become a reviewable asset, not whether every Al risk has
been resolved [10, 11]. The claim is deliberately limited. Not every data engineering
task should be automated. The argument applies to recurring workflow demand
where evidence and review matter. The axnrun and data engineering grounding is
also limited: it illustrates a plausible path from repeated workflow demand to task
automation factories, but it is not a complete longitudinal proof. Future work should
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measure conversion rate from repeated runs to released assets, time-to-asset, reuse
count, audit reconstruction success and replacement events.

6 Conclusion

This paper identifies the task automation problem as a category error in agentic
Al adoption: treating a successful execution event as if it were an automation asset.
The issue is not that agents cannot perform useful work. The issue is that successful
runs do not, by themselves, leave behind reviewable, reusable and replaceable
organizational capacity. A run proves feasibility. It does not create capacity.

The central insight is that automation begins only when recurring work is
converted into governed software capacity. Task automation economics names the
decision problem: when should repeated agent execution stop being purchased
run by run and instead be engineered as a verified automation asset? The verified
automation asset is the proper unit of analysis because it carries the properties data
engineering teams need: explicit specification, evidence requirements, review criteria,
release state, auditability, reuse and replacement.

Task automation factories provide the production mechanism that makes this
conversion practical. The justification is economic and operational. Economically,
repeated execution repurchases output, while released assets accumulate capability
across reuse. Operationally, data engineering automation must remain reproducible,
inspectable, governable and controlled over time. Factories make these requirements
concrete by connecting demand selection, specification, engineering, verification,
release and replacement.

Data engineering grounds the insight without overclaiming. It shows that
scripts, DAGs and agent runs can make recurring work visible, but visibility is only
the starting condition. axnrun adds the runtime signal by recording actions, existing
tools and missing tools; the factory adds the production discipline by promoting
repeated gaps into verified reusable assets. The conclusion is therefore simple: agentic
execution demonstrates what can be done; task automation factories determine what
can become durable governed capacity.
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