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Abstract
AI coding agents have created a new paradigm in software de-
velopment, yet practitioners largely operate without systematic
methodology: either using AI for ad-hoc assistance ("vibe coding")
or dismissing it as unsuitable for production work. This paper in-
troduces command coding, a structured methodology that applies
traditional software engineering management principles, such as ar-
chitecture, planning, iterative review, and automated quality gates,
to the orchestration of AI coding agents. Through an empirical
case study of all2md, a production-grade document conversion li-
brary supporting 40+ formats (~88,000 code-lines) completed by one
senior engineer in 41 working days, we show via triangulated esti-
mation (COCOMO II and Function Point Analysis) that command
coding can achieve 25-40⇥ acceleration over traditional develop-
ment timelines while maintaining production-quality standards.

Command coding ampli�es existing expertise rather than replac-
ing it. The methodology requires senior-level skills in architecture,
security, and code review, shifting the developer’s role from imple-
menter to orchestrator. We propose “contextual quality contagion”
as a key mechanism in AI-assisted development a�ecting code
quality: LLMs generate code that matches the quality patterns of
their context, creating feedback loops wherein early code quality
decisions compound throughout development. This �nding sug-
gests that investment in early code quality yields higher returns in
AI-assisted projects than in traditional development. Furthermore,
the use of automated tooling (linters, type checkers, static analyz-
ers, etc.) within agentic development cycles is critical to avoiding
contextual quality contagion.

Keywords
AI-assisted development, software engineering methodology, LLM
agents, code quality, human-AI collaboration

“A fool with a tool is still a fool. A fool with a power tool
is a dangerous, fast fool.”
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1 Introduction
The widespread availability of Large Language Model (LLM) coding
assistants has fundamentally transformed software development
practice. Tools such as GitHub Copilot, Claude, and GPT-based assis-
tants have moved from novelty to ubiquity, with surveys indicating
that over 75% of professional developers now use AI assistance in
some form [30]. Yet despite this rapid adoption, the industry lacks a
coherent methodology for deploying AI in production software de-
velopment: systems that must be secure, reliable, and maintainable
under real-world conditions.

Most practitioners currently use AI coding tools in one of three
modes: (1) autocomplete enhancement, treating AI as a smarter IDE
feature for line-by-line suggestions; (2) ad-hoc generation, asking
AI to produce functions or modules without systematic integration;
or (3) autonomous agents, delegating tasks to AI tools that can edit
code iteratively within development environments. None of these
approaches directly addresses a fundamental question: Can AI be
used to build production-quality software systems systematically, and
if so, how?

The practitioner community has begun developing vocabulary
for unstructured AI-assisted development. In February 2025, Andrej
Karpathy coined the term "vibe coding" to describe an approach
where developers "Accept All always," don’t read di�s, and paste
error messages back to the AI without analysis, acknowledging
this works for "throwaway weekend projects" but not production
systems [15]. This informal, iterative style—write a prompt, get
code, paste errors back, repeat—optimizes for immediate function-
ality but produces architectural drift, security gaps, inconsistent
quality, and accumulating technical debt; a recent grey literature
review found that practitioners frequently experience a “speed-
quality tradeo�” [6]. When AI agents observe messy code, they
generate more of the same; early shortcuts compound throughout
development.

This paper introduces command coding, a methodology for AI-
accelerated software development that applies traditional software
engineering management principles to the orchestration of AI cod-
ing agents. The term re�ects a shift from developer-as-implementer
to developer-as-commander: the human engineer commands AI
agents through high-level directives while maintaining architec-
tural authority and quality through systematic oversight. Command
coding is built on �ve pillars: 1) human-led architecture, where
the engineer de�nes system structure, patterns, and security re-
quirements before AI implementation begins; (2) structured work
decomposition into atomic, independently testable items; (3) iter-
ative multi-model review, where di�erent AI models review each
others’ output to catch model-speci�c blind spots; (4) automated
quality gates through continuous integration with linting, type
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checking, and comprehensive testing; and (5) human oversight at
critical decision points including security implementations and API
design. The methodology operationalizes the insight that AI coding
agents are powerful implementers but poor architects; by clearly
separating these roles, command coding harnesses AI strengths
while compensating for known limitations. To assess command
coding’s e�ectiveness, we investigate three research questions in
the context of a case study:
RQ1 How can LLM-based coding agents be orchestrated systemat-

ically to produce production-quality software?
RQ2 What development velocity and code quality can be achieved

in a real project using such a methodology?
RQ3 What process mechanisms are critical to mitigating known

LLM limitations (e.g., security blind spots)?
Our case study is the development of all2md, a Python library
for bidirectional document conversion between 40+ �le formats
and Markdown, designed for AI/LLM work�ows. The project be-
gan as a small internal utility (~3,300 lines) and was transformed
into a comprehensive library (~88,000 total lines of non-comment,
non-blank Python source code, plus a similar amount of test code)
over approximately six weeks using the command coding methodol-
ogy. Properties of document conversion—well-documented formats,
clear input/output speci�cations, pattern-based architecture—are
conditions favorable to AI-assisted development, allowing us to ex-
plore the methodology’s potential. In summary, our contributions
are:

• We introduce command coding, a structured development
methodology synthesizing software engineering principles
with AI agent orchestration that provides a framework for
production-grade AI-assisted development (section 2).

• An in-depth exploratory case study of the development of
all2md, a production-grade document conversion library sup-
porting 40+ formats completed by one senior engineer in 41
working days, documenting the methodology’s application
across 504 commits and 150+ review cycles (section 3).

• We analyze the results of our case study; our results suggest
that command coding provides acceleration factors of approx-
imately 25-40× compared to traditional development while
maintaining high quality standards (section 4).

• We discuss our �ndings and their implications, and identify
contextual quality contagion as a mechanism that drives qual-
ity in AI-assisted software engineering (section 5).

2 Command Coding Methodology
This section presents command coding independent of any speci�c
project by describing its principles, process phases, strategies for
addressing known LLM limitations, and prerequisite skills.

2.1 Overview and Principles
AnAI coding agent (or just agent) is an LLM equipped with tools and
operating in a loop (�g. 1). An agent reads code, makes changes, runs
tests, observes results, and iterates, much like a human developer.
We call an agent’s loop with a particular goal a cycle: for example, an
agent tasked with implementing a feature is in an implementation
cycle. Command coding is fundamentally about structuring how
humans direct and review agent behavior throughout these cycles.

Figure 1: The AI coding agent loop: reading code, making changes,
running tests, and iterating.

Command coding operationalizes a key insight: AI coding agents
are powerful implementers but poor architects. By clearly separating
these roles of human as architect, AI as implementer, command
coding harnesses AI strengths while compensating for its known
weaknesses. Command coding has �ve foundational principles:
(1) Human-Led Architecture. The human engineer de�nes

system architecture, design patterns, security requirements,
and quality standards before the agent generates any code.
Design documents serve as a “constitution” guiding all subse-
quent AI work. Patterns established early in�uence agents,
and so propagate throughout the codebase.

(2) Structured Work Decomposition. Complex systems are
decomposed into atomic, independently-testable work items
with explicit acceptance criteria. Each work item speci�es
dependencies, expected inputs/outputs, and quality require-
ments, so that agent sessions have clear success criteria.

(3) Iterative Multi-Model Review. Code is reviewed by multi-
ple AI models, wherein a di�erent model than used to gen-
erate the code reviews it to catch errors, inconsistencies,
and security issues. Di�erent models exhibit di�erent blind
spots; cross-model review provides broader coverage than
self-review. Reviews occur continuously (every 3–5 work
items), not just at project completion.

(4) Automated Quality Gates. Continuous integration with
linting, type checking, static analysis, and comprehensive
testing catches regressions quickly. These tools have two pur-
poses: detecting errors automatically and, through contextual
quality contagion (discussed below), signaling to agents that
production-quality output is expected.

(5) Human Oversight at Decision Points. Critical decisions,
such as architecture changes, security implementations, and
API design, require human approval. The human engineer
monitors agent work and intervenes when agents get stuck,
tests pass but the approach seems incorrect, architectural
deviation occurs, etc.

Contextual Quality Contagion. We designed command coding
around the hypothesis that contextual quality contagion is a key
driver of the quality of AI-generated code. LLMs generate tokens
that �t the statistical distribution of their context. When they ob-
serve inconsistent naming, missing type hints, or quick-and-dirty
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Figure 2: The phases of the command coding methodology.

patterns, they generate more of the same. Conversely, clean, well-
documented code with comprehensive type hints and thorough
tests increases the probability of clean output. As a result, early
code quality decisions compound during AI-assisted development.
The �rst patterns established in a codebase set quality expectations
for all subsequent AI-generated code. Early technical debt actively
corrupts future generations; early quality investment yields com-
pounding returns. We discuss the evidence we saw in our case study
for this hypothesis in section 5.3.

2.2 Process Phases
Command coding follows a four-phase iterative process that paral-
lels traditional software engineering practices (�g. 2). Integration
in command coding is continuous. During each phase, version con-
trol discipline requires atomic commits with descriptive messages
and all commits passing automated quality gates. Documentation
updates accompany each signi�cant change: API documentation
from docstrings, user guides for new features, and changelog main-
tenance. The test suite is maintained alongside implementation:
new features require new tests, and test failures block integration.

Phase 1: Archtecture, Design, Sca�olding, and Environ-
ment Setup (Human-Led). Human engineers produce founda-
tional design artifacts before implementation begins: a system ar-
chitecture document (component diagram, data �ow, technology
stack, interface contracts); a pattern library with base classes, con-
�guration patterns, and naming conventions; security requirements
including threat model and input validation policies; and quality
standards specifying coverage targets, documentation requirements,
and code style rules.

Phase 2: Select Work Items (Human-Curated). The design
is decomposed using LLMs into a prioritized worklist of atomic
work items, reviewed in detail by the human architect. Each item
speci�es an identi�er, description, dependencies, acceptance crite-
ria, complexity estimate, and relevant context �les. Prioritization
is human-selected, based on architectural considerations such as
dependency order (foundations before dependents), parallelizability
(independent items can be worked concurrently), and risk (high-
risk items come �rst). The worklist is human-maintained as a living
document, updated as work progresses and reviews surface new
items.

Phase 3: Implementation Cycles (AI-Executed). For each
work item, the AI agent executes within a structured framework.
Implementation begins with context packing: manually providing
the agent with the work item speci�cation, relevant architecture
documentation, reference implementations of established patterns,
and related test �xtures. The agent then follows a test-driven-
development-style [3] implementation loop—writing tests, imple-
menting code to pass tests, running the test suite, analyzing failures,
and iterating until all tests pass. Humans intervene when agents
appear stuck, when tests pass but the approach seems incorrect, or
when a task is deemed by the human architect as security-sensitive.

Phase 4: Code and Documentation Review Cycles. Code
review in command coding is continuous, not a single event. Auto-
mated quality gates run on every commit: linting, type checking,
test execution, and security scanning. Cross-model review occurs
every 3–5 work items: a di�erent AI model than the one that gen-
erated the code reviews for correctness, security vulnerabilities,
pattern consistency, and architectural alignment. Human review
focuses on security-critical code paths, API design decisions, archi-
tectural alignment, and test adequacy. Review �ndings, regardless
of source, become new work items for the backlog.

In practice, these phases operate in tight daily cycles rather than
sequential stages: morning planning of 3–5 work items, daytime AI
implementation with human monitoring, afternoon cross-model
review, and end-of-day integration with full test suite execution.
Larger “holistic reviews” examining entire subsystems occur weekly.
Figure 3 shows this daily sprint pattern.

2.3 Handling LLM Limitations
Command coding includes mitigations for known AI limitations.

Narrow Context Window. Agents often miss larger patterns
in their context, leading to con�icting changes across modules. We
mitigate this by splitting discovery and planning from implementa-
tion, employing explicit context engineering with relevant patterns,
and conducting periodic holistic reviews of entire subsystems.
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Figure 3: The daily sprint pattern in command coding.

Pattern Deviation Under Complexity. Complex tasks can
cause agents to abandon established patterns for seemingly simpler
but inconsistent solutions. This is addressed by breaking complex
tasks into smaller, pattern-following steps, providing explicit pat-
tern templates in prompts, and reviewing code immediately after
complex implementations.

Test-Implementation Confusion. An agent may incorrectly
“�x” correct source code to match �awed tests. Mitigation requires
human review of test logic, the use of test �xtures with known-
correct expected outputs, and prompting the agent to investigate
discrepancies before applying �xes.

Security Blind Spots. Agents do not always volunteer security
considerations unless explicitly prompted. We require explicit secu-
rity requirements in every relevant prompt and maintain dedicated
security review phases and security-focused test suites.

Additional failure modes, such as version drift toward outdated
APIs, accumulating complexity from iterative edits, and halluci-
nated references to non-existent library signatures, are mitigated
through version-pinned prompts, periodic complexity analysis (e.g.,
radon), and strict type checking with mypy, respectively. These
are less speci�c to command coding and more general properties
of working with LLMs in any agentic context.

2.4 Required Skill Set
Command coding shifts the developer’s role from implementer to
orchestrator, but this shift requires rather than eliminates deep
technical expertise. The methodology demands:

• Architectural thinking: Decomposing systems into compo-
nents, de�ning interfaces, anticipating integration challenges,
and selecting appropriate patterns for the problem domain.

• Code review expertise: Rapidly identifying bugs, security
vulnerabilities, performance issues, and design �aws in code

the reviewer did not write, now applied to AI-generated rather
than peer-authored code.

• Security awareness: Understanding threat categories, recog-
nizing vulnerable patterns, and explicitly requiring defensive
implementations that AI will not volunteer. Special attention
to security is especially important given the large number
of studies reporting that AI-generated code often contains
security vulnerabilities [8, 19, 20, 23].

• Domainknowledge: Su�cient expertise to evaluatewhether
AI output is correct for the speci�c problem domain, catching
plausible-looking but subtly wrong implementations.

• Test design: Creating meaningful tests that verify behavior
rather than merely exercising code paths, with appropriate
use of �xtures, mocks, and edge cases.

These skills are traditionally associated with senior engineers (5–
10+ years of experience). A useful heuristic: if you couldn’t e�ectively
lead a team of junior developers building a system, you likely cannot
e�ectively command AI agents to build it. In fact, we have found that
managing AI agents closely resembles managing junior developers:
you must provide clear speci�cations, review carefully, maintain
architectural consistency, and handle the hard problems yourself.
The key di�erence is speed: AI implements faster but requires
similar oversight e�ort per unit of code. Section 5.4 explores the
implications of this skill shift for software engineering education.

3 Case Study: all2md
This section describes the context, data sources, and methodology
of how we applied command coding in the all2md case study. The
all2md code is on GitHub1, and the data on which the conclusions
in this section are based is also publicly available, organized into
appendices [32].

3.1 Context and Project Overview
all2md is a production-grade Python library for bidirectional docu-
ment conversion between 40+ �le formats and Markdown, designed
for AI/LLM work�ows. The library provides parsers for diverse in-
put formats (PDF, DOCX, PPTX, HTML, EPUB, EML, RTF, spread-
sheets, archives, source code, and more), renderers for multiple
output formats (Markdown, HTML, PDF, DOCX, RST, EPUB, and
others), and advanced features including an Abstract Syntax Tree
(AST) intermediate representation, a transform pipeline for AST
manipulation, a plugin architecture via Python entry points, and
a Model Context Protocol (MCP) server for LLM integration. The
project began as a small internal utility (~3,300 lines of code) sup-
porting a handful of formats with basic conversion capabilities. We
used command coding over about 45 working days to transform
this small utility into a comprehensive library (over 170,000 total
lines of source and tests, excluding comments and blank lines).

The library employs a uni�ed architecture centered on an AST as
the intermediate representation for all conversions (�g. 4). Parsers
convert input formats to AST nodes; renderers convert AST nodes
to output formats. This design enables bidirectional conversion
(any supported input to any supported output) and compositional
transformations. All 41 parsers follow a consistent pattern: a frozen
dataclass for options, inheritance from a BaseParser abstract
1https://github.com/thomas-villani/all2md
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Figure 4: all2md Architecture showing Input Formats ! Parsers !
AST! Renderers ! Output Formats.

class, and a standardized parse()method signature. This architec-
tural consistency was established in the �rst days of development
and propagated throughout subsequent implementation.

The all2md project has several characteristics that make it par-
ticularly suitable for AI-assisted development:

• Knowndocument types:Document formats like PDF, DOCX,
and HTML are well documented with public speci�cations.
AI agents have been trained on numerous parser implemen-
tations for these formats.

• Clear architecture: The parser/renderer pattern with AST
intermediate representation is well-established in language
and document processing. Once de�ned, the pattern replicates
consistently across 40+ format implementations.

• Pattern-based development: The 41 parsers all follow the
same structural template. After establishing the BaseParser
pattern, implementing additional parsers became a matter
of format-speci�c logic within a known structure, where AI
agents excel.

• Testable components:Document conversion has unambigu-
ous inputs and outputs: a document �le in format X produces
an AST representation (or rendered output in format Y). This
enables automated testing with sample documents and gold-
en/snapshot tests for complex transformations.

• Green�eld development:While the project built on a small
existing utility, the comprehensive library was essentially
green�eld—no legacy constraints, undocumented dependen-
cies, or organizational complexity that might impede AI as-
sistance.

We emphasize that these favorable conditions likely contributed to
the results reported; projects without these characteristics may see
di�erent outcomes (see discussion in sections 5.2 and 6).

3.2 Data Sources
Our case study draws on these data sources:

• Version Control History. Complete git history including
504 commits over 48 calendar days (41 active working days),
with timestamps, commit messages, and di� statistics (lines
added/deleted per commit). This provides objective timeline
data and velocity metrics.

• Code Metrics. Static analysis outputs from multiple tools:
line counts (total and logical SLOC, production vs. test code),
complexitymetrics from radon (cyclomatic complexity, main-
tainability index), type coverage from mypy (strict mode com-
pliance), and linting results from ruff.

• Test Coverage Reports. pytest coverage reports docu-
menting statement and branch coverage across the codebase,
tracked over time to observe coverage progression.

• Security Analysis. Results from multiple security scanning
tools: Bandit (Python security linter), Semgrep (pattern-based
analysis), and CodeQL (GitHub’s semantic analysis). Final
security posture re�ects zero high or critical �ndings.

• AI Review Documents. Over 150 review documents gen-
erated during development, capturing cross-model review
�ndings, quality ratings, and identi�ed issues. These docu-
ments provide qualitative insight into the review process and
issue discovery patterns.

• Development Notes. Contemporaneous notes on architec-
tural decisions, pivot points, and observations about AI agent
behavior, providing context for interpreting quantitative data.

3.3 Methodology
This study employs a single-case exploratory design following
established case study methodology [27, 36]. Single-case designs
are appropriate when investigating a phenomenon in depth within
its real-world context. The unit of analysis is the all2md project
over its approximately six-week development period (September
24 – November 11, 2025), encompassing the complete application
of command coding methodology from initial architecture through
v1.0 release. We employ mixed methods combining:

• Quantitative analysis of development e�ort (calendar time,
working days, commits), productivity (LOC over time, com-
mits per day), and quality outcomes (coverage, complexity,
security �ndings, type coverage).

• Qualitative analysis of AI review documents to understand
issue discovery patterns, the evolution of quality ratings, and
the types of problems caught through multi-model review.

• E�ort estimation via established parametric methods (CO-
COMO II) and functional sizing (Function Point Analysis) to
enable comparison to traditional, non-AI development.

3.4 Command Coding Instantiation
We employed multiple AI models in coordinated roles. Claude (Son-
net 4 and 4.5) via Claude Code was the primary implementation
agent, responsible for writing parser and renderer implementations,
following established patterns, and executing test-driven develop-
ment loops. We used GPT (4.1, 5, 5.1) and Gemini (pro-2.5, pro-3)
via direct API for cross-model code review, security analysis, and
architectural consistency checking. Claude (Sonnet 4) via Claude
Code was responsible for generating docstrings and maintaining
documentation. Using di�erent models for implementation and
review was deliberate: each model exhibits di�erent blind spots,
and cross-model review catches issues that self-review misses.

The project employed production-grade tooling from day one:
• Linting: ruff with comprehensive rule set including secu-

rity rules (flake8-bandit)
• Type checking: mypy in strict mode with full type coverage

required
• Testing: pytest with comprehensive markers (unit, integra-

tion, e2e, security)
• Security scanning: Bandit, Semgrep, and CodeQL
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Table 1: Development Summary

Metric Value

Calendar days 48
Active working days 41
Total commits 504
Production code ⇠88,000 logical SLOC
Test code ⇠90,000 logical SLOC
Documentation ⇠37,000 lines
Parsers implemented 41 formats
Renderers implemented 25+ formats
Test �les 233
Review documents 150+

• CI/CD: GitHub Actions enforced all quality gates

The project followed a structured review schedule: automated
checks on every commit, cross-model AI review every 3–5 work
items (approximately twice daily during active development), hu-
man review for security-critical code and architectural decisions,
and weekly holistic reviews examining entire subsystems. Over the
development period, this cadence produced 150+ review documents.

Details on commits, interesting �ndings from cross-model re-
view, prompt templates, process checklists, and tool con�gurations
in our case study are provided as part of our artifact [32] in appen-
dices A, B, C, D, and E, respectively.

4 Results
This section presents the empirical �ndings from the all2md case
study, addressing development velocity, quality outcomes, e�ort
estimation compared to traditional development, and observed
process e�ects that illuminate critical mechanisms.

4.1 Development E�ort and Velocity
Development spanned September 24 to November 11, 2025: 48 cal-
endar days with 41 active working days. Table 1 summarizes the
key metrics. The project averaged 12.3 commits per day over the
41 active working days, with a peak of 29 commits on October 9
during a code quality cleanup sprint. Net code addition was ap-
proximately 140,000 lines after accounting for ⇠100,000 lines of
refactoring churn. Figure 5 shows cumulative lines of code over
the development period, illustrating the progression through four
distinct phases:

• Foundation (Sept 24–27, 65 commits): Linters, type-checker,
CI/CD, core architecture, initial parsers (PDF, DOCX, HTML,
EML, RTF, IPYNB), CLI tool, and options system.

• Format Expansion (Sept 29 – Oct 4, 82 commits): Archive
formats, spreadsheets, additional renderers, and security layer.

• Advanced Features (Oct 6–13, 147 commits): AST archi-
tecture �nalization, transform pipeline, plugin system, and
MCP server integration.

• Polish and Release (Oct 14–26, 210 commits): OCR sup-
port, PyPI release automation work�ow, comprehensive doc-
umentation, and v1.0 release preparation.

Figure 5: Cumulative LOC over time, showing the Foundation, For-
mat Expansion, Advanced Features, and Polish and Release phases.

Table 2: Code Quality Metrics

Metric Tool Result

Test coverage pytest-cov 87%
Type coverage mypy (strict) 100% (0 errors)
Lint violations ru� 0
Security issues Bandit/Semgrep/CodeQL 0
Cyclomatic complexity radon Grade A (avg 5.04)
Maintainability index radon Grade A (avg 54.7)
Test-to-code ratio — 1.02:1

4.2 Code Quality and Security Outcomes
Table 2 presents a suite of code quality metrics from the completed
case study. The test-to-production code ratio of 1.02:1 is consistent
with ratios observed in TDD-developed projects [17] and exceeds
the ratios typical of large-scale open-source repositories [12], re�ect-
ing the command coding emphasis on comprehensive test coverage
as a quality gate for AI agents.

The library has seen adoption since its public release: as of April
2026, all2md has accumulated over 2,300 total downloads across
PyPI and its mirrors, with approximately 433 downloads in the
most recent month, re�ecting organic adoption without a formal
marketing campaign.2

4.3 Quantitative E�ort Estimation
Estimating traditional development e�ort for an AI-assisted project
presents methodological challenges: there is no counterfactual team
that built the same system without AI. We address this through
triangulation, using two independent estimation methods and ex-
amining where they converge. Table 3 summarizes the estimation
methods and their results. Complete details for these estimates are
provided in our artifact [32] as appendix F.

COCOMO II Estimation. We applied the COCOMO II Post-
Architecture model [5] to the 88,352 logical SLOC of production

2Download statistics sourced from ClickHouse ClickPy: https://clickpy.clickhouse.
com/dashboard/all2md. As with all PyPI packages, counts include automated systems
and CI pipelines and likely overcount distinct users.
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Table 3: E�ort Estimation Summary

Method Low Estimate (PM) High Estimate (PM)

COCOMO II 81 164
Function Point Analysis 40 80

Triangulated Range 60 120

code. Key parameter selections re�ected project characteristics:
high precedentedness (document conversion is well-established),
very high team cohesion (single developer, no coordination over-
head), and very high personnel capability ratings re�ecting the
senior-level expertise command coding requires. The E�ort Ad-
justment Factor (EAF) of 0.27–0.54 across scenarios yields e�ort
estimates of 81–164 person-months.

Function Point Analysis.We applied IFPUG counting method-
ology, identifying External Inputs (parsers, input processing), Ex-
ternal Outputs (renderers, CLI output modes), External Inquiries
(format detection, registry lookups), Internal Logical Files (AST
hierarchy, registries, options classes), and External Interface Files
(PDF structure, O�ce XML schemas, etc.). The unadjusted function
point count of 663, with a Value Adjustment Factor of 1.09, yields
approximately 720 Adjusted Function Points. We applied IFPUG
counting methodology, using industry productivity benchmarks
of 8–15 hours per function point for Python development [14],
yielding 40–80 person-months of traditional e�ort.

We adopt 60–120 person-months as our triangulated estimate,
acknowledging that COCOMO II tends to estimate higher for well-
structured projects with experienced developers, while FPA may
underestimate e�ort for libraries with complex internal logic that
does not manifest as user-visible transactions. Using this triangu-
lated estimate and conservative actual e�ort (by treating 41 full
working days as 2.0 person-months), we derive acceleration factors.
We believe that approximately 25–40⇥ acceleration is a defen-
sible, conservative claim that accounts for estimation uncertainty.
Even under aggressive downward adjustments (traditional estimate
50% too high, actual e�ort 50% higher than recorded), acceleration
remains substantial (>15⇥). At a fully-loaded rate of $20,000 per
person-month, the triangulated traditional cost range is $1.2M–
$2.4M. Actual cost (engineering labor plus ⇠$550 in AI API costs)
was approximately $41,500—a reduction of 96–98%.

4.4 Observed Process E�ects
Beyond aggregate metrics, speci�c episodes illuminate how com-
mand coding mechanisms contributed to outcomes.

4.4.1 Establishing Pa�erns Early. The BaseParser pattern, frozen
dataclass options, and uni�ed attachment handling were estab-
lished in the �rst three days. By the end of Week 1, every new
parser followed an identical template. This early investment paid
compounding returns: implementing a new parser required only
format-speci�c logic, with structure, error handling, and testing pat-
terns automatic. AI agents replicated established patterns with high
�delity, con�rming the contextual quality contagion hypothesis—
clean, consistent context produced clean, consistent output.

4.4.2 Multi-Model Review. Cross-model review proved essential
for catching issues that self-review would miss. Approximately

80% of critical issues were identi�ed by multiple models indepen-
dently; the remaining 20% were caught by only one model. For
example, a September 26 GPT-5 security review identi�ed an SSRF
vulnerability that the same-day Gemini review had missed:

“SSRF is a real concern... Host checks are naive string
checks: only blocks ’localhost’, ’127.0.0.1’, ’::1’... Misses
169.254.0.0/16 (AWS IMDS), 100.64.0.0/10... Does not re-
solve DNS and validate resolved IPs.”

This �nding led to comprehensive SSRF protection with IP reso-
lution before requests, redirect target validation, con�gurable al-
lowlists, and size/timeout limits. The episode illustrates why multi-
model review is essential: di�erent models catch di�erent issues.

Review �ndings also exhibited variability: running the same
review prompt twice sometimes produced di�erent �ndings, with
some runs more thorough than others. This variability reinforces
the value of multiple review passes and multiple models rather than
relying on any single review.

More interesting examples of cross-model review �ndings are
included in the artifact [32] as appendix B.

4.4.3 Where LLMs Failed. Despite overall success, AI agents ex-
hibited consistent failure patterns

• Test quality issues: AI-generated test oracles sometimes
checked that code did what it did rather than what it should
do. Tautological tests, excessive mocking, and missing edge
cases required humans to review test logic, not just coverage
numbers.

• Complex refactoring: The AST architecture pivot (October
1–3), a�ecting 13 converters and 9,500+ lines, required hu-
man judgment about risk, timing, and bene�t tradeo�s. AI
executed the refactoring, but a human decided to proceed.

• Cascading �xes: When �xing PDF table detection, an agent
modi�ed column detection in ways that broke multi-column
layout for documents without tables. CI enforcement (all tests
must pass) caught this immediately; the �x required explicit
constraints: “ONLY modify table detection logic; DO NOT
modify column detection code.”

• Options drift: Despite established patterns, option naming
drifted across parsers (e.g., attachment_mode vs. image_mode
for similar functionality). This accumulated despite system-
atic review and required a dedicated cleanup pass—illustrating
that evenwithmethodology, some inconsistencies slip through.

These failure patterns were caught by the process—automated test-
ing, CI enforcement, human review—rather than reaching produc-
tion. Command coding does not prevent AI errors; it provides sys-
tematic mechanisms for detecting and correcting them.

5 Discussion
This section interprets the case study �ndings in relation to our
research questions, examines the conditions under which command
coding is most applicable, and elaborates on contextual quality con-
tagion as a hypothesis warranting further investigation. Finally, we
discuss implications for practitioners, organizations, and education.
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5.1 Research Question Re�ections
RQ1: How can LLM-based coding agents be orchestrated systemati-

cally to produce production-quality software? The all2md case study
demonstrates that the key to systematic orchestration is clear role
separation: humans as architects, AI as implementers. The method-
ology does not reduce oversight burden per unit of code; it increases
throughput while maintaining oversight intensity. Production qual-
ity comes not from AI capability alone, but from applying software
engineering discipline—speci�cations, review, quality gates—to AI-
generated output, much as it does to human-generated output.

RQ2: What development velocity and code quality can be achieved
using such a methodology? The case study provides concrete evi-
dence on both dimensions. With respect to velocity, triangulating
multiple estimates conservatively puts the acceleration at 25-40⇥—
all while maintaining traditional markers of high-quality code: full
type coverage, high test coverage, grade A complexity metrics,
and no security warnings from industry-standard static analyzers.
These outcomes suggest that the methodology’s front-loaded qual-
ity investment (architecture, patterns, tooling) yields compounding
returns throughout development.

RQ3: What process mechanisms are critical to mitigating known
LLM limitations? Three mechanisms were particularly helpful. First,
multi-model review proved essential for catching model-speci�c
blind spots. The SSRF vulnerability identi�ed by GPT-5 but missed
by Gemini’s same-day review exempli�es why cross-model valida-
tion matters: di�erent models exhibit di�erent failure modes, and
no single model provides complete coverage. Approximately 20% of
critical issues in all2md were caught by only one reviewing model,
validating the redundancy investment. Second, automated quality
gates served dual purposes: catching errors automatically and sig-
naling quality expectations to AI agents through contextual quality
contagion. When agents operate in a codebase with strict linting,
comprehensive type hints, and thorough tests, they generate code
matching those standards. Without this tooling infrastructure, com-
mand coding degrades into vibe coding with extra steps. Third,
early pattern establishment created the conditions for consistent
AI output. The BaseParser pattern, frozen dataclass options,
and uni�ed error handling established in the �rst week propagated
throughout 41 parser implementations. AI agents excel at consis-
tent replication of established patterns; the human contribution is
establishing patterns worth replicating.

5.2 Conditions for Applicability
Command coding is not universally applicable. The all2md case
study bene�ted from conditions that favor AI-assisted development,
and practitioners should assess whether their contexts share these
characteristics. In particular, our application of command coding
bene�tted from:

• Pattern-based development where a structure can be de-
�ned once and replicated many times. The 41 parsers in
all2md all share a template. Projects with similar replication
opportunities—API endpoint handlers, data validators, format
converters, test generators—are well-suited to this approach.

• Well-documented domainswhere AI training data includes
many similar implementations, like our document-format

domain. Web protocols, database schemas, and standard algo-
rithms are other examples of well-represented domains that
might bene�t from command coding.

• Clear, testable requirements that enable tight feedback
loops. Document conversion has unambiguous inputs and
outputs: a �le in format X should produce speci�c AST nodes
or rendered output in format Y. This clarity enables automated
testing with ground-truth �xtures and rapid agent iteration
against objective success criteria.

• Modular architectures with low coupling between compo-
nents. The all2md architecture allowed parsers to be devel-
oped independently; changes to the PDF parser did not a�ect
the DOCX parser.

5.3 Contextual Quality Contagion Hypothesis
We propose contextual quality contagion as a mechanism to ex-
plain our success with command coding: LLMs generate code that
matches the quality patterns of their context, creating feedback
loops where early code quality decisions compound throughout de-
velopment. This mechanism aligns with fundamental LLM behavior:
these models generate tokens that �t the statistical distribution of
their context. When context includes inconsistent naming, missing
type hints, or quick-and-dirty patterns, the probability distribu-
tion shifts toward generating more of the same. The mechanism
parallels Wilson and Kelling’s controversial “BrokenWindows” the-
ory [33]—visible disorder signals that standards are not enforced,
leading to more disorder. Unlike the controversial proposed behav-
ioral mechanism in humans (that environmental cues in�uence
human choices), the mechanism for LLMs is deterministic: context
certainly in�uences token probabilities.

Several observations from the all2md case study support this
hypothesis. When the BaseParser pattern was established with
comprehensive type hints, detailed docstrings, and thorough er-
ror handling, subsequent parser implementations consistently ex-
hibited these qualities without explicit prompting for each. Con-
versely, when early options classes exhibited naming inconsisten-
cies (attachment_mode vs. image_mode), these inconsistencies
propagated to later implementations despite systematic review—the
pattern was replicated faithfully, including its �aws.

The mechanism operates asymmetrically: positive contagion re-
quires active investment (deliberate architecture, early exemplars,
enforced tooling), while negative contagion requires only neglect. A
single early inconsistency, e.g. an option named di�erently from its
peers, a parser that skips error handling, a test that checks behavior
rather than verifying it—becomes load-bearing once downstream
agents replicate it. This asymmetry has a practical corollary: the
cost of a quality defect introduced in week one of AI-assisted de-
velopment is not the cost of �xing one instance but the cost of
identifying and correcting every instance the agent has silently
propagated. Viewed through this lens, the economics of code re-
view shift: early review is not merely good practice but a form of
technical debt insurance with unusually high leverage.

Automated quality gates appear to amplify the e�ect in both
directions. When linters, type checkers, and static analyzers are
enforced from the �rst commit, they do more than catch errors: they
continuously communicate to the agent what production-quality

8



929

930

931

932

933

934

935

936

937

938

939

940

941

942

943

944

945

946

947

948

949

950

951

952

953

954

955

956

957

958

959

960

961

962

963

964

965

966

967

968

969

970

971

972

973

974

975

976

977

978

979

980

981

982

983

984

985

986

Command Coding: A Methodological Framework for AI-Accelerated So�ware Development Conference 2026, 1 - 4 January, 2026, City, Country

987

988

989

990

991

992

993

994

995

996

997

998

999

1000

1001

1002

1003

1004

1005

1006

1007

1008

1009

1010

1011

1012

1013

1014

1015

1016

1017

1018

1019

1020

1021

1022

1023

1024

1025

1026

1027

1028

1029

1030

1031

1032

1033

1034

1035

1036

1037

1038

1039

1040

1041

1042

1043

1044

output looks like. An agent operating in a codebase where every �le
passes ‘mypy –strict‘ and every function carries a type-annotated
signature will weight its generations accordingly. Conversely, a
codebase where quality tools are absent or warnings are routinely
suppressed provides no such signal—and the agent has no mecha-
nism to distinguish “this project tolerates slop” from “this project
is clean.” This is consistent with the observation in Section 4.4 that
the ‘BaseParser‘ pattern, once established with full type coverage,
was replicated without explicit re-prompting across all 41 parser
implementations.

We propose contextual quality contagion as a hypothesis war-
ranting rigorous validation, not an established �nding. A proper
validation study would require controlled experiments: identical
implementation tasks performed with high-quality context versus
low-quality context, with output quality measured against objective
criteria. Variables to control include task complexity, model version,
temperature settings, and prompt structure. Metrics should include
both automated measures (complexity, type coverage, lint viola-
tions) and human evaluation of design quality. Such experiments
would establish whether the e�ect is robust, quantify its magnitude,
and identify boundary conditions.

The practical implication, if the hypothesis holds, is substantial:
investment in early code quality yields even higher returns in AI-
assisted projects than in traditional development, where studies
have found some “Broken Windows”-like e�ects [16, 29]. If the �rst
patterns established in a codebase set quality expectations for all
subsequent AI-generated code, as the contextual quality contagion
hypothesis predicts, it suggests that command coding’s emphasis
on production patterns from day one is not merely good practice
but a critical success factor for AI-assisted development at scale.

5.4 Implications for Education
The shift from developer-as-implementer to developer-as-orchestrator
has implications for how software engineering is taught. Personal
programming ability is less important, but engineers using com-
mand coding need to be capable in architecture and system design,
code review, security thinking, and speci�cation and requirements
gathering.

This is a signi�cant inversion of the traditional pedagogical se-
quence. Introductory software engineering education has long fol-
lowed a progression from implementation to design: students �rst
learn to write code, then to structure it, and eventually—-often only
at the graduate level or through industry experience—-to reason
about systems, interfaces, and quality at scale. Command coding
inverts this timeline’s urgency: the skills that previously arrived
late (architecture, code review, security thinking, speci�cation) are
now the primary bottleneck. A developer who cannot architect a
system or evaluate code quality cannot e�ectively use AI agents
to build one, regardless of how capable the underlying model is.
The useful heuristic from Section 2.4 bears repeating: if you could
not e�ectively lead a team of junior developers building a system,
you likely cannot e�ectively command AI agents to build it. Junior
developers and AI agents present similar failure modes—both can
produce plausible-looking code that is subtly wrong—and over-
sight requires the same senior-level judgment in either case. Future

curricula should place more emphasis on these senior-level engi-
neering skills and less emphasis on implementation tasks that AI
agents can easily complete.

6 Threats to Validity
There are several threats to internal validity. The case study in-
volved only one senior engineer, so it is highly sensitive to that
engineer’s skill. The engineer’s e�ort was also self-reported, which
we mitigated by counting their 41 working days conservatively as
two person-months. The engineer is also the �rst author of this
study, and so had a motivation to show command coding’s e�ec-
tivness. We mitigated this threat through: reliance on objective,
automated metrics (coverage, complexity, lint violations) that can-
not be in�uenced by interpretation; use of multiple AI models for
review rather than self-assessment alone; conservative assumptions
throughout e�ort estimation; and transparent reporting of limita-
tions and failure cases (options drift, test quality issues, cascading �x
problems). Git commit history, CI logs, and static analysis outputs
provide objective records independent of researcher interpretation,
reducing (though not eliminating) the risk that self-reporting biases
a�ect the �ndings.

Threats to external validity include the fact that this is an ex-
ploratory, single-case study; our �ndings show what is possible
under favorable conditions with a speci�c methodology applied by
a speci�c practitioner; they do not establish what is typical or gen-
eralizable. Results may not generalize to other projects, domains,
engineers, or AI models. The all2md project was also essentially
green�eld, without the constraints typical in legacy systems; com-
mand coding may not be applicable to existing projects.

There are threats to construct validity related to our e�ort es-
timation techniques and to the chosen code quality metrics. CO-
COMO II was calibrated on 1990s-2000s projects; modern tooling,
languages, and practices may have shifted baseline productivity.
The model’s cost drivers involve subjective parameter selection—
di�erent analysts might select di�erent ratings. Function Point
Analysis was designed for business applications; applying it to
libraries requires interpretive decisions about what constitutes a
transaction or logical �le. We mitigate these concerns through trian-
gulation, conservative parameter selection, and sensitivity analysis.
The methods agree within a factor of two, and even aggressive
downward adjustments suggest substantial acceleration. Size and
industrial complexity metrics imperfectly capture the actual com-
plexity experienced by software engineers [7, 21, 28]. Test coverage
measures code execution, not test quality, and can give unwarranted
con�dence. Type and static analysis coverage does not preclude the
presence of other kinds of defects that the chosen analyses do not
check for, and practical static analyzers like those that we used can
also miss real problems due to analysis unsoundness.

7 Related Work
Industrial Case Studies. The most closely related work to ours

are other case studies of coding agents in industry. In a set of case
studies at Google, an autonomous agent developed in-house found
plausible patches for 73% of machine-reported bugs but only 25% of
human-reported bugs, showing the value of human oversight [26].
A case study at ASML, a Dutch photolithography company, found

9



1045

1046

1047

1048

1049

1050

1051

1052

1053

1054

1055

1056

1057

1058

1059

1060

1061

1062

1063

1064

1065

1066

1067

1068

1069

1070

1071

1072

1073

1074

1075

1076

1077

1078

1079

1080

1081

1082

1083

1084

1085

1086

1087

1088

1089

1090

1091

1092

1093

1094

1095

1096

1097

1098

1099

1100

1101

1102

Conference 2026, 1 - 4 January, 2026, City, Country Thomas S. Villani and Martin Kellogg

1103

1104

1105

1106

1107

1108

1109

1110

1111

1112

1113

1114

1115

1116

1117

1118

1119

1120

1121

1122

1123

1124

1125

1126

1127

1128

1129

1130

1131

1132

1133

1134

1135

1136

1137

1138

1139

1140

1141

1142

1143

1144

1145

1146

1147

1148

1149

1150

1151

1152

1153

1154

1155

1156

1157

1158

1159

1160

that smaller, more specialized models had a better cost-bene�t
tradeo� than larger models, but did not investigate the role of the
human engineer as we do [18]. The "State of AI-assisted Software
Development," report from Google Cloud [31] further supports our
contextual quality contagion hypothesis: they found that AI adop-
tion acts as a "mirror and a multiplier": in cohesive organizations,
it boosts e�ciency, while in fragmented ones, it highlights and
ampli�es existing weaknesses.

Productivity Studies. Prior studies on the impact of AI on soft-
ware engineering productivity have found mixed results. Early
experiments found measurable productivity improvements from
AI coding assistants [22, 37], though not uniformly [2]. However,
a recent study [4] found that experienced open-source develop-
ers working on their own repositories were actually 19% slower
when using frontier AI tools, despite believing they were faster.
A di�erence-in-di�erences study examining 807 Cursor-adopting
repositories found productivity gains but also potential quality
trade-o�s, highlighting the complexity of measuring AI’s impact
on real-world projects [10]. Our command coding case study shows
that with the right setup, productivity can be gained without sacri-
�cing quality.

Encouraging Quality. Many recent works have investigated the
utility of some of the speci�c components of command coding for
improving the quality of agent-generated code. For example, com-
mand coding includes test-driven development (TDD) as a central
component; others have also observed that TDD is particularly
e�ective with LLMs [9]. Similarly, other researchers have noted the
bene�ts of automated static analysis feedback [25, 35]; one study in
particular speci�cally showed the bene�ts of the Bandit analyzer,
which we used to analyze all2md, in preventing security vulner-
abilities [1]. While these studies validate our use of these tools
and techniques, our focus is on the overall framework: command
coding could be instantiated with other static analyzers or testing
techniques in the future.

Multi-Agent Systems. Recent work has explored multi-agent ar-
chitectures for software development tasks. Systems likeMetaGPT [13]
and ChatDev [24] assign distinct roles (product manager, architect,
developer, tester) to specialized agents that collaborate through
structured communication protocols, though more recent work
has questioned the need for such complexity [34]. He et al. [11]
provide a systematic review mapping LLM-based multi-agent ap-
plications across the software development lifecycle, identifying
coordination models (cooperative, hierarchical, decentralized) and
communication mechanisms. However, these frameworks typically
aim for autonomous operation with minimal human intervention,
contrasting with command coding’s emphasis on human architec-
tural authority and oversight at decision points.

8 Conclusion and Future Work
This paper introduced command coding, a structured methodology
for AI-accelerated software development that applies traditional
software engineering management principles to the orchestration
of AI coding agents. Through an in-depth case study of the all2md
document conversion library, we showed that the methodology
can produce production-grade software at substantially accelerated

velocity while maintaining quality standards. Contextual quality
contagion may (partially) explain our success: establishing a high
standard of code quality early induces AI agents to produce more
high-quality code, leading to a virtuous positive feedback loop.

Future work should attempt to replicate our results in other
domains, with di�erent engineers and/or with teams of engineers,
and under more-tightly controlled conditions. Another interesting
line of future work is investigating which automated quality gates
are most e�ective at directing AI agents in command coding.

The future of software development is not humans replaced by
AI; it is humans collaborating with AI under structured frameworks
that leverage AI strengths while compensating for AI limitations.
Command coding provides one such framework, grounded in es-
tablished software engineering principles and validated through
empirical application.

Data Availability
The all2md code is available at https://github.com/thomas-villani/
all2md, and our data and appendices are publicly available on Zen-
odo [32].
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