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Section 1 — Executive Summary

AI coding agents have meaningfully changed how software is written. They accelerate code generation, 
reduce  boilerplate,  and  lower  the  barrier  to  exploring  unfamiliar  APIs  or  frameworks.  For  many 
engineering teams, the productivity gains are real.

But there is a pattern that consistently emerges once the initial enthusiasm settles: every session starts 
from zero.

The agent does not remember the architectural decision made last Tuesday. It does not know which 
workaround was applied to a third-party library three sprints ago. It cannot tell a new team member 
which files are safe to touch and which are minefields. Each time an agent is invoked — whether by a 
senior engineer or someone on their first week — it begins without context, without history, and without 
the accumulated judgment of the team.

This is not a model quality problem. Larger models with longer context windows help at the margins, but 
they do not  solve the underlying issue.  The problem is  structural:  coding agents are stateless 
systems operating inside deeply stateful codebases.
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The missing layer is not a smarter model. It is a governed, persistent, portable memory infrastructure — 
one that captures knowledge at the source, enforces quality, and makes accumulated engineering 
intelligence available to every agent, every session, on every machine.

This paper explores that gap: why it exists, what it costs in human and organisational terms, what a  
responsible architectural response might look like, and why the design choices made in building such a 
layer matter as much as the retrieval quality it produces.

The observations are grounded in practical work on Flaiwheel (flaiwheel.app), a working proof-of-
concept  for  this  category of  infrastructure.  Where evidence is  strong,  this  paper says so.  Where 
questions remain open, it says that too.

Section 2 — The Problem: Onboarding Never Ends

2.1  The Human Cost of Starting From Zero

Onboarding a new software engineer is expensive. Estimates from workforce research suggest it costs 
between six  and nine  months  of  an  engineer’s  salary  when recruitment,  ramp-up time,  and  lost 
productivity are accounted for. That figure is widely cited, frequently debated, and probably conservative 
for complex codebases.

But the more interesting observation is this: onboarding never fully ends.

Every time a developer returns to a module they have not touched in three months, they re-onboard. 
Every time a senior engineer explains the same architectural constraint for the fourth time to different 
colleagues, that is a knowledge transfer that failed to compound. Every time a team fixes a bug that was 
already fixed six months ago — because the original fix was never documented anywhere retrievable — 
that is the cost of organisational amnesia.

Context switching compounds this. Research consistently shows that recovery time after a significant 
interruption averages over twenty minutes. When the interruption is caused by missing context — “why 
does this work this way?” — the cost is not just time. It is frustration, reduced confidence, and a subtle 
but persistent drag on team morale.

2.2  AI Agents Inherit the Same Problem — and Amplify It

When AI coding agents entered engineering workflows, many teams expected them to help with exactly 
this kind of knowledge retrieval. In practice, a different pattern emerged.

An AI coding agent is, by default, stateless. It has no memory of previous sessions. It cannot recall what 
it reasoned about yesterday, what architecture was decided last sprint, or what the team’s conventions 
are around error handling. Every session, it starts fresh.

This means that the agent — far from reducing onboarding friction — inherits the full cost of it, and then 
repeats that cost on every invocation. A developer using an AI agent to navigate an unfamiliar module 
must first explain the module to the agent. Then explain the constraints. Then explain why certain  
approaches were tried and abandoned. Then watch the agent suggest an approach that was already 
rejected.

The agent is not slow. It is uninformed. And re-informing it is work that falls back on the human.

2.3  Cold Start: The Most Acute Symptom

The most acute version of this problem is the cold start scenario: a developer — new to a project, or  
returning after a long absence — asks an AI agent to help them understand a codebase.

Without memory infrastructure, the typical agent response is to begin reading files. Hundreds of them, 
often. At current LLM pricing and token consumption rates, a thorough agent-driven exploration of a 
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medium-sized codebase can consume significant compute, take thirty minutes or more of wall-clock 
time, and still produce a superficial understanding — because the agent is inferring structure from 
syntax rather than drawing on documented architectural intent.

Practical  measurements  from the  Flaiwheel  proof-of-concept  suggest  that  agent-driven codebase 
exploration of a typical project can cost in the range of $10 and thirty minutes of processing time. A local, 
zero-token static analysis approach covering the same ground takes roughly fifteen seconds and costs 
nearly nothing.

This is not a marginal efficiency difference. It is an order-of-magnitude difference — and it recurs every 
time a new session begins.

As a concrete example of the scale at which this problem is felt: during the development and testing 
phase of the reference implementation, the cold-start analyser was applied to a production codebase of 
approximately 150,000 lines of code — the AI·Collab platform (aicollab.app), a commercially deployed 
product with a heterogeneous stack. The analysis completed locally, without LLM token consumption, in 
seconds. It produced a prioritised documentation map that served as the starting point for structured 
knowledge capture across the project.

One data point does not constitute a benchmark. But it demonstrates that the approach is viable at a 
scale representative of real-world engineering projects — not just toy examples.

2.4  The Core Observation

The bottleneck in AI-assisted engineering is not generation quality. Modern coding agents generate 
code well. The bottleneck is continuity — the ability to carry forward what was learned, decided, fixed, 
and documented across sessions, across team members, and across time.

Cold start and onboarding are not separate problems. They are the same problem, observed at different 
scales. And neither is solved by a better model.

Section 3 — The Landscape: Current Approaches and 
Their Gaps

3.1  A Growing Category, Still Taking Shape

The memory problem for AI coding agents is not unrecognised. A number of tools and approaches have 
emerged to address it, and the space is moving quickly. It is worth surveying the current landscape — 
not to dismiss what exists, but to understand where the gaps remain.

The following categories represent the dominant approaches observed as of early 2026. Tool names 
are deliberately omitted: specific implementations change rapidly, and the goal here is to reason about 
architectural patterns, not product comparisons.

3.2  Category A — Native Editor Memory Features

Several AI-native code editors now offer built-in memory features: the ability to remember facts about a 
project across sessions, persist user preferences, or maintain a running context file that is re-injected at 
the start of each conversation.

These features are genuinely useful. They reduce some of the repetition that makes agent-assisted 
work feel laborious. The limitations are structural. Native editor memory tends to be:

• Freeform — no enforced structure, no categories, no quality validation

• Session-scoped or manually maintained — knowledge capture depends on the developer 
remembering to do it

• Cloud-dependent — the memory lives in the vendor’s infrastructure, not the team’s
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• Non-portable — leaving the tool typically means leaving the memory behind

For individual developers on simple projects, these trade-offs may be acceptable. For engineering 
teams with complex, long-lived codebases, they represent compounding risk.

3.3  Category B — Static Context Files

A lighter-weight approach is the use of project-level context files: structured markdown documents that 
developers  maintain  manually,  injected  into  each  agent  session  as  a  system prompt  or  project 
instruction.

This pattern has real merit. It is simple, portable, and under the team’s direct control. Many experienced 
engineers have independently converged on some version of it.

The gap is also straightforward: it requires manual maintenance. Documentation written once tends to 
drift. Knowledge that was accurate six months ago may now be misleading. There is no mechanism to 
detect staleness, enforce updates, or validate that what is written reflects what the codebase actually 
does. In fast-moving projects, the context file becomes a liability as much as an asset.

3.4  Category C — Local Search and Retrieval Tools

A more technically sophisticated category combines local vector embeddings with keyword search to 
build on-device retrieval systems for documentation and notes. The best implementations in this space 
use hybrid search pipelines — combining semantic similarity with exact keyword matching — and some 
add reranking steps for improved precision.

This is architecturally closer to what the problem requires. Strong retrieval is a necessary condition for 
useful memory.

What these tools typically do not address is the write side of the problem. They assume that knowledge 
has already been captured, structured, and indexed. The harder question — how does knowledge get 
into the system reliably, consistently, and with sufficient quality to be useful — is left to the developer.

When a developer fixes a critical bug at 11pm and closes the laptop, the knowledge of what was wrong 
and why it was fixed lives in one person’s head. A retrieval tool that depends on that developer choosing 
to write  a well-structured summary before closing the laptop will,  in  practice,  often find its  index 
incomplete.

3.5  Category D — Generic MCP Memory Servers

The Model Context Protocol has enabled a new category of memory tool: MCP servers that intercept  
agent  interactions  and  persist  context  across  sessions.  Several  open-source  and  commercial 
implementations now exist.

These tools solve the session continuity problem at a basic level. Their limitations tend to be:

• No structure enforcement — all knowledge is treated equally regardless of type or quality

• No governance — there is no feedback loop to ensure what is captured is accurate or useful

• Fragile portability — knowledge is often stored in proprietary formats or cloud databases

3.6  The Common Gap

Across all four categories, a consistent pattern is visible: the write side of the problem is treated as 
solved, optional, or out of scope.

Retrieval is a well-understood technical problem. The research on hybrid search, vector databases, and 
reranking  is  mature  and  moving  fast.  What  is  less  developed  is  the  infrastructure  for  capturing, 
structuring, and governing knowledge before it reaches the retrieval layer.

A memory system is only as good as what is in it. Quality at the source matters as much as precision at 
retrieval time.
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This observation is the starting point for the architectural direction explored in the following sections.

Note: The landscape described here reflects the author’s observations and available public information as of  
early 2026. The space is evolving rapidly. Specific tools and capabilities may have changed since this paper 
was written. The architectural gaps identified are structural in nature and are expected to remain relevant  
regardless of specific product updates.

Section 4 — The Human Dimension: Engineers, 
Frustration, and Responsibility

Technical problems do not exist in isolation. The memory gap in AI-assisted engineering has human 
consequences that  are worth naming directly  — not  as a marketing argument,  but  because any 
infrastructure designed to support engineers should be designed with those engineers in mind.

4.1  The Obsolescence Question

When AI coding agents began producing genuinely useful output, a reasonable question surfaced 
across engineering teams: does this make me less relevant?

It is worth taking that question seriously rather than dismissing it.

The honest answer is that the nature of valuable engineering work is shifting. Tasks that once required 
significant  time  —  writing  boilerplate,  looking  up  API  signatures,  generating  test  stubs  —  are 
increasingly handled by agents. This is a real change, and it is appropriate to acknowledge it.

The more important observation, however, is that the tasks which remain — and which become more 
valuable — are precisely the ones that require accumulated judgment,  system-level  thinking, and 
architectural decision-making. Understanding why a system is designed the way it is. Knowing which 
constraints are fundamental and which are incidental. Recognising when a technically correct solution 
will create problems six months from now.

These are not things an agent can do without context. They are things that require the kind of knowledge 
that only compounds over time — through experience, through mistakes made and understood, through 
decisions documented and revisited.

The engineer who can capture, structure, and govern that knowledge — and who can build systems that 
make it accessible — is not being made obsolete. They are becoming more valuable. The shift is from 
code production to knowledge architecture.

A memory and governance layer is, in this sense, a tool that amplifies engineering judgment rather than 
replacing it.

4.2  Onboarding Frustration: The Repeating Friction

There is a specific kind of frustration that engineers know well: arriving at a decision that feels obviously 
correct, implementing it, and then discovering that the team tried exactly this eighteen months ago and it 
failed for reasons that were never written down anywhere findable.

This experience is demoralising in a way that is disproportionate to its practical cost. It signals that the 
team’s accumulated knowledge is not accessible. It creates a sense that work does not compound — 
that the same ground must be covered repeatedly. For new team members especially, it generates a 
persistent low-level anxiety: what else do I not know that I should know?

When AI agents are added to this environment without memory infrastructure, the problem intensifies. 
The agent confidently suggests approaches the team has already ruled out. It lacks the context to 
distinguish between code that is stable and code that is under active refactoring. It cannot tell the 
developer which of the three authentication modules is the one currently in use.
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A governed memory layer changes this dynamic. When knowledge is captured systematically — bug 
fixes  documented,  architecture  decisions  recorded,  setup  procedures  kept  current  —  the  agent 
becomes a reliable guide rather than a well-spoken stranger. The friction of onboarding, both human 
and AI, decreases meaningfully.

4.3  Efficiency as an Ecological Argument

LLM inference consumes energy. This is not a theoretical concern — it is a measurable engineering 
reality. The energy cost of running large language models at scale is significant, and it scales with 
usage.

Within a single engineering workflow, individual token consumption may seem negligible. Aggregated 
across a team, across projects, across the industry, the picture changes.

Consider  the  cold  start  scenario  described  in  Section  2:  an  agent  reading  two  hundred  files  to 
understand a codebase, consuming significant compute in the process, arriving at an understanding 
that will be lost at the end of the session. That cycle, repeated daily across thousands of engineering 
teams, represents a non-trivial and largely avoidable energy expenditure.

A memory layer  that  makes codebase context  available in  a single,  locally-executed tool  call  — 
consuming  no  LLM tokens,  no  cloud  compute,  no  GPU cycles  — is  more  than  a  performance 
optimisation. It is a design choice with a real environmental footprint.

This connects to a broader point about responsible AI system design: efficiency is not merely a cost 
concern. It is an ethical dimension of how systems are built. Doing the same work with less compute, 
fewer tokens,  and less energy is  a legitimate engineering value — and one that  becomes more 
important as AI systems scale.

4.4  Sovereignty, Portability, and Trust

The final human dimension is one of ownership and trust.

When an engineering team’s accumulated knowledge lives in a vendor’s cloud infrastructure, the team 
does not truly own it. They have access to it — for as long as they continue paying, for as long as the  
vendor continues operating, for as long as the vendor’s terms of service remain acceptable.

This is a fragile arrangement for something as strategically important as institutional knowledge. The 
teams that recognise this early, and choose infrastructure that keeps their knowledge under their own 
control, are making a different kind of investment in their own long-term capability.

Section 5 — Towards a Solution: Architecture of a 
Governed Memory Layer

The  architectural  direction  explored  in  this  section  is  grounded  in  the  practical  work  of  building 
Flaiwheel.  The  observations  and  measurements  cited  here  are  real  —  they  reflect  what  was 
encountered, built, and tested. The claims are honest about what has and has not been validated at  
scale.

5.1  The Write Side: Governance Before Retrieval

The core architectural principle is this:  retrieval quality is bounded by write quality. A retrieval 
pipeline that performs perfectly from a poorly structured, inconsistently maintained, or partially accurate 
knowledge base will  produce poor  results.  Garbage in,  garbage out  — applied  to  organisational 
memory.

A governed write path means:



Beyond Code Generation  ·  Volker Christopher Geith  ·  flaiwheel.app

Page 7  ·  volker@4rce.com  ·  v1.3

• Structured categories, not freeform notes. Different types of knowledge have different shapes. A 
bug fix summary requires different fields than an architectural decision record, which requires different 
fields than a setup guide. Write tools that enforce category-specific structure at the point of capture 
produce knowledge that is more consistent, more searchable, and more useful over time.

• Quality validation before indexing. Not every document that passes through the system should 
reach the retrieval index. Minimum quality thresholds — completeness checks, structure validation, 
basic coherence requirements — filter out noise at the source. Documents that fail validation are not 
deleted; they are flagged and skipped. The knowledge owner retains full control.

• Behavioural enforcement, not just tooling availability. Making documentation tools available is not 
sufficient. Engineers under time pressure will reach for the exit. A system that observes agent 
behaviour — detecting when a bug was fixed but no summary was written — and injects a structured 
prompt nudge into the agent’s response creates a feedback loop that makes documentation the path 
of least resistance, not an additional task.

This  last  point  deserves  emphasis:  enforcement  through  workflow  design  is  more  reliable  than 
enforcement through discipline. The goal is not to burden engineers with documentation requirements. 
It is to make knowledge capture happen as a natural byproduct of the work itself.

5.2  The Retrieval Side: Precision as a First-Class Concern

Once knowledge is captured and indexed, the quality of retrieval determines whether the system is 
useful in practice.

Vector search alone is insufficient for a serious engineering knowledge base. Semantic similarity finds 
documents that are about the same topic, but misses documents that share specific terms — the exact 
error message, the precise function name, the specific library version. Keyword search alone finds exact 
matches but fails on paraphrasing and conceptual queries.

A hybrid approach combining both methods — with a fusion step that boosts documents found by 
multiple retrieval paths — addresses both failure modes. The addition of a cross-encoder reranking 
step,  which evaluates each candidate document  against  the original  query  as a  pair  rather  than 
independently, provides a further precision improvement at the cost of modest additional latency.

The practical pipeline in the Flaiwheel proof-of-concept uses five stages: vector search, BM25 keyword 
search, reciprocal rank fusion, optional cross-encoder reranking, and a minimum relevance threshold 
filter. The reranker is optional — it adds latency and compute — but for queries where precision matters 
more than speed, it consistently improves result quality.

The relevance threshold filter at the end of the pipeline is worth noting specifically: it ensures that only  
documents above a minimum confidence score reach the agent. A system that returns low-confidence 
results generates noise. Noise erodes trust. An agent that occasionally receives no results from a 
search query will adapt its behaviour; an agent that consistently receives weakly relevant results will 
produce weakly relevant outputs.

5.3  Cold Start: Local Analysis Without Token Cost

The cold start problem — helping an agent understand an unfamiliar codebase quickly and cheaply — is 
worth addressing as a specific architectural concern rather than a general retrieval problem.

The key insight is that a significant portion of codebase understanding can be derived through static  
analysis: parsing abstract syntax trees, extracting function signatures, classifying files by content type, 
identifying near-duplicate code. None of this requires a language model.  It  requires a file system 
traversal and some well-designed heuristics.

A local analysis tool that traverses a source directory, extracts structural features, classifies files using 
local embeddings, deduplicates near-identical content, and produces a prioritised documentation plan 
— all without invoking an LLM or sending data outside the machine — collapses the cold start cost from 
thirty minutes and significant token expenditure to seconds and negligible compute.

The output of such an analysis is not a complete understanding of the codebase. It is a prioritised map: 
here are the twenty files most worth documenting first, here is how they appear to relate, here is the 
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estimated structure. It is a starting point that can be refined over time as knowledge accumulates in the 
system.

5.4  Storage: Git-Native Flat Files

The choice of storage format is not a technical detail — it is a governance decision.

Knowledge stored as flat Markdown files in a standard Git repository is:

• Readable by any tool, any agent, any human, without special software

• Auditable through standard version control history

• Portable — the knowledge can be used with any future tool or workflow

• Owned by the team, not by a vendor

The alternative — proprietary formats, cloud databases, vendor-managed storage — trades short-term 
convenience for  long-term dependency.  For  something as strategically  important  as  accumulated 
engineering knowledge, that trade-off deserves careful consideration.

Git-native storage also means that the knowledge base is a repository that can be treated like any other: 
branched, reviewed, merged, and backed up through existing engineering workflows. There is no new 
process to learn and no new system to trust.

5.5  A Note on Deployment Complexity

Any infrastructure layer that requires significant operational overhead to maintain will, in practice, not be 
maintained. The memory layer described here is only useful if it runs reliably with minimal friction.

A single Docker container covering the full stack — embedding model, vector database, MCP server, Git 
synchronisation — represents the right target for deployment simplicity. Engineers should be able to 
install it with a single command and forget about it. The system should handle model loading, index 
maintenance, and knowledge repository synchronisation without requiring manual intervention.

This is not a sophisticated architectural constraint.  It  is a practical one. The best infrastructure is  
infrastructure that disappears into the background.

5.6  Early Evidence from Practice

The architectural patterns described in this section are not purely theoretical. During the development 
and testing phase of Flaiwheel, telemetry was collected across seven active projects of varying size, 
maturity, and purpose. The observations below are not presented as rigorous benchmarks — the 
sample is small and the conditions are not controlled. They are presented as first evidence that the 
system behaves broadly as the architecture predicts.

• Knowledge base maturity reduces search miss rates over time. On the most actively maintained 
project — a commercially deployed platform with over 200 MCP tool calls recorded — the search miss 
rate settled at 18%. On a project where the knowledge base had reached sufficient density through 
consistent documentation, the miss rate reached 0%. On cold-start projects with no prior knowledge 
capture, miss rates were 100% at the point of first agent session.

• Behavioural nudges fire automatically and consistently. Across projects, the nudge system — 
which injects a documentation prompt when an agent fixes a bug without writing a summary — 
operated without manual configuration. On the most active project, 83 nudges were sent across the 
observation period.

• The write/read balance is an early signal of system health. Projects with a high write ratio relative 
to reads are typically in an active documentation phase. Projects with a high read ratio indicate a 
maturing knowledge base being actively queried. This ratio provides a simple operational signal for 
teams managing knowledge infrastructure health.

• Estimated time savings depend heavily on underlying assumptions — and are reported here 
with full transparency. During an initial observation window of roughly 10 days, the system 
estimated approximately 1.62 hours of time saved. This number is derived from two assumptions: 2.5 
minutes saved per search hit and 15 minutes saved per pre-merge guardrail fix. Both values are first 
approximations — they may overestimate or underestimate the real impact, and are open for 
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discussion. The point is not the absolute figure itself, but that any measurement of productivity gains 
is only as reliable as the assumptions it rests on. Early signals appear promising, but the methodology 
needs further refinement as usage data grows.

The overall picture from these early observations is consistent with the thesis, but should be read with  
appropriate caution. Measuring developer productivity is inherently difficult, and any ROI claim is a 
function of the assumptions behind it. What the data does suggest is a promising trajectory — one that 
warrants continued measurement with improved methodology rather than premature conclusions.

Section 6 — On Responsible AI: Efficiency, Sovereignty, 
and the Ethics of System Design

Responsible AI is a term that has accumulated a great deal of meaning in a short time — not all of it 
precise. In public discourse it often refers to model alignment, bias mitigation, and safety guardrails.  
These are important concerns. But responsible AI also has a systems design dimension that receives 
less attention: how the infrastructure surrounding AI systems is built, who it serves, and what values it  
encodes in its architecture.

6.1  Efficiency as an Ethical Design Principle

The energy footprint of AI inference is real and growing. Individual queries to large language models are 
inexpensive in isolation; at the scale of millions of engineering sessions daily, the aggregate cost — in 
compute, in energy, in carbon — is significant.

Within the scope of this paper, two design choices have direct efficiency implications. The first is the cold 
start analyser described in Section 5.3: replacing an agent-driven codebase exploration — which might 
consume hundreds of thousands of tokens across many LLM calls — with a local static analysis that 
uses no LLM tokens at all is not a minor optimisation. It is a qualitative difference in the system’s 
resource footprint.

The second is retrieval precision. A retrieval system that returns high-quality results in fewer calls, with a 
relevance filter that prevents low-confidence noise from reaching the agent, reduces the number of  
follow-up queries required to accomplish a task. Fewer queries means less compute, less energy, less 
cost. Precision is efficiency.

Neither  of  these  observations  is  presented  as  a  solution  to  the  broader  question  of  AI  energy 
consumption.  They are presented as examples of  a design orientation:  building systems that  are 
deliberately  efficient,  because  unnecessary  compute  consumption  is  a  real  cost  that  responsible 
engineers should care about.

6.2  Human Oversight and Bounded Tool Use

A memory and governance layer sits between human engineers and AI agents. That position comes 
with responsibility.

The system described in this paper is designed with a specific principle:  the human is always in 
control of what enters and what leaves the knowledge base.

Quality gates reject documents that do not meet minimum standards — but they do not delete them. The 
original file remains intact. The decision to include or exclude is transparent and reversible.

The cleanup and classification tools that analyse the knowledge base for inconsistencies or near-
duplicates produce a proposed action plan. They do not execute changes automatically. A human 
reviews and approves every action before it takes effect.

This is a deliberate design choice, not a technical limitation. As AI systems become more capable of  
autonomous action,  the question of  where human oversight  should be preserved becomes more 



Beyond Code Generation  ·  Volker Christopher Geith  ·  flaiwheel.app

Page 10  ·  volker@4rce.com  ·  v1.3

important, not less. For a system that manages an organisation’s accumulated engineering knowledge, 
automatic deletion — however well-intentioned — is the wrong default.

6.3  Sovereignty and the Ethics of Dependency

The final dimension is ownership. When engineering teams adopt cloud-dependent tools for knowledge 
management, they implicitly accept a set of dependencies: on the vendor’s continued operation, on their 
pricing decisions, on their data handling practices, on the continued availability of export formats that 
preserve data in a usable state.

For  individual  productivity  tools,  these dependencies  may be acceptable.  For  systems that  store 
accumulated organisational knowledge — the intellectual capital of an engineering team, built over 
years — the risk profile is different.

A local-first, Git-native architecture is not just a technical preference. It is a statement about where 
control  should  reside.  Engineering  knowledge  belongs  to  the  engineers  who  created  it  and  the 
organisations that employ them. It should not be held in trust by a third party as a condition of continued 
access.

This argument extends to hardware dependencies. A memory tool that requires specific GPU hardware 
— even for  local  deployment — introduces a supply chain dependency that  limits portability  and 
increases operational complexity. A system designed to run on commodity CPU hardware, with optional 
GPU acceleration as a performance upgrade rather than a functional requirement, makes a different 
statement about who it is designed to serve.

6.4  A Broader Observation

None of the principles described in this section are new. Data sovereignty, human oversight, and 
efficient resource use are well-established values in thoughtful systems design. What is perhaps less 
common  is  their  explicit  application  to  the  emerging  category  of  AI  memory  and  governance 
infrastructure.

As the AI engineering stack matures, the choices made in this infrastructure layer will have lasting 
consequences — for the teams that use these tools, for the organisations that depend on them, and for 
the broader question of whether AI systems are built in ways that genuinely serve the humans who work 
with them.

That seems worth designing for deliberately.

Section 7 — Conclusion and Open Questions

7.1  What This Paper Has Argued

The central argument of this paper is straightforward: AI coding agents are genuinely useful. They are 
also, by default, stateless. That statelessness is not a temporary limitation to be solved by the next  
model release — it is a structural property that requires a structural response.

The cost of that statelessness is felt most acutely in two places: onboarding, where new engineers and 
new agent sessions alike begin without the context needed to work effectively; and continuity, where 
knowledge accumulated through hard-won experience evaporates at the end of each session rather 
than compounding into organisational capability.

The response this paper proposes is a memory and governance layer: infrastructure that captures 
knowledge at the source, enforces quality before indexing, retrieves it with precision, and does so in a  
way that is locally hosted, portable, and under the control of the team that created it.

This  is  not  a  novel  idea  in  isolation.  What  appears  to  be  genuinely  new  —  and  genuinely 
underdeveloped — is the combination of governed write paths, hybrid retrieval precision, behavioural 
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enforcement through agent nudges, and local-first architecture designed specifically for the AI-assisted 
engineering workflow.

7.2  What This Paper Has Not Claimed

Intellectual honesty requires being clear about the limits of this argument.

The patterns described here are grounded in practical work on a single proof-of-concept — Flaiwheel 
(flaiwheel.app) — and in the author’s observations of the broader tooling landscape as of early 2026.  
They have not been validated at scale across diverse organisations, codebases, or team structures.

The efficiency claims made in Section 5.3 — cold start time reduced from thirty minutes to fifteen 
seconds, token costs reduced by roughly two orders of magnitude — reflect measurements from 
specific test cases, not production benchmarks across representative workloads.

The direction described here appears promising. It is not presented as proven.

7.3  Open Questions

Several important questions remain genuinely open and warrant further exploration:

• Knowledge quality at scale. How do quality gates perform as a knowledge base grows to tens of 
thousands of documents? What degradation patterns emerge, and how should they be detected?

• Retrieval precision limits. In very large, polyglot codebases with heterogeneous documentation 
quality, what are the practical precision ceilings for hybrid retrieval? Where does the pipeline break 
down?

• Multi-agent memory isolation. As engineering workflows evolve toward parallel agent execution, 
how should memory be scoped — per agent, per session, per team, per project?

• Measuring organisational impact. What is the right framework for evaluating whether a memory 
layer is actually improving engineering outcomes?

• Documentation drift. What mechanisms can detect that a piece of knowledge no longer accurately 
reflects the codebase, and prompt appropriate review or update?

These are not rhetorical questions. They are the natural next research and engineering agenda for this 
category of infrastructure.

7.4  Closing Thought

The most durable productivity improvements in software engineering have rarely come from making 
individual developers faster at individual tasks. They have come from systems that allow teams to build 
on  each  other’s  work  —  version  control,  continuous  integration,  shared  testing  infrastructure, 
architectural documentation.

AI coding agents are, at  their  best,  a powerful  addition to that stack. But they will  remain brittle, 
repetitive, and expensive to operate at scale until the knowledge infrastructure around them matures.

Every bug fixed should make the next bug cheaper. That is what well-designed engineering systems 
actually do — and what the memory layer described in this paper is trying to make possible.

Flaiwheel  is  available at  flaiwheel.app.  It  is  open for  non-commercial  use and serves as the practical  
reference  implementation  for  the  concepts  described  here.  Feedback,  criticism,  and  collaboration  are  
welcome.
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