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Abstract

Large language models have upended the economics of software production. The per‐token

cost of generating code, documentation, and test suites has collapsed. Yet reliability has not

kept pace with capability: studies report that the large majority of organizations deploying

LLMs encounter major production failures, that developers can be measurably slower on real

tasks, and that practitioner trust in the output is falling even as the models improve. This

paper argues that capability and reliability are complements, and that the field has invested al‐

most everything in the former while leaving the latter under‐engineered. The locus of the gap

is the channel between human and AI: the full communication system that carries intent into

the model and carries work back out, of which the context window is only a part. We pro‐

pose channel engineering as the discipline required to close this gap: a systematic approach

to structuring that communication system, drawing on Shannon and Weaver’s levels of com‐

munication and on established practices from high‐reliability software domains.

The industry has converged on context engineering: curating the tokens a model sees. Channel

engineering goes further. Weaver’s analysis separates the technical problem of moving sym‐

bols (the context window as medium, subject to the U‐shaped attention curve and context rot)

from the semantic problem of conveying intended meaning and the effectiveness problem of

producing the intended outcome. The semantic and effectiveness levels, where reliability is

lost, are the levels token curation alone cannot reach, and the levels the field’s evidence has not

yet measured directly. We argue the difference is ownership: you cannot engineer a channel

you do not own. Effective channel engineering requires control of the whole agent loop (as‐

sembly, budget, and retention) togetherwith deterministic, extractivememory, non‐gameable

validation gates, mode‐dependent context assembly, and re‐grounding at every step, because

per‐step reliability compounds across the many steps of agentic work.

We trace the historical roots of software reliability engineering in aerospace (DO‐178C), medi‐

cal devices (IEC 62304), and formal methods (Meyer, Jackson, Lamport), and argue that these

disciplines solved the same problem for human programmers that channel engineering solves

for LLMs. The gap is not new; it is the same gap that separates ad hoc programming from en‐

gineering. What is new is that LLMs make the discipline economically viable for mainstream

software development for the first time.

The paper also introduces the Sociummodel, an application of channel engineering to human‐

AI collaboration, in which the partnership is treated as a distributed system, the context win‐

dow is treated as a communication channel, and the accumulated decisions and artifacts of
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the work are treated as a shared corpus of durable intelligence. This paper is a synthesis: it

assembles converging work into a connected argument, takes positions the field will test, and

names a gap, the semantic and effectiveness levels, that the field’s current evidence does not

yet measure directly. We conclude with a set of practical principles for channel engineering

and a call for the field to treat LLM reliability as an engineering problem to be solved alongside

model improvement, not downstream of it.

The Reliability Problem That Doesn’t Go Away

Engineers who adopted large language models early encountered a consistent and frustrating

pattern: the models were capable of producing excellent output in isolation, but unreliable in

production. The code would work for one case and fail for another. The documentation would

be accurate in one section and hallucinatory in the next. The test suite would pass today and

fail tomorrow on the same codebase.

The field’s default response has been to wait for better models.1 Yet the evidence of the last

two years cuts against that hope. In a 2026 survey of two hundred engineering leaders, 82% re‐

ported at least one major production failure caused by AI‐generated code in the preceding six

months.2 That report’s estimate that AI‐authored code introduces roughly 1.7 times more crit‐

ical runtime defects than human‐authored code is independently echoed by an analysis of 470

open‐source pull requests, in which AI‐assisted submissions averaged 10.8 issues each against

6.5 for human‐authored, and corroborated by a security evaluation placing AI‐generated code

2.74 times more likely to contain a known vulnerability.3 A randomized controlled trial pub‐

lished byMETR in 2025 found that experienced open‐source developerswere, contrary to their

own forecasts, 19% slower when allowed to use the AI tools of the day.4 Stack Overflow’s 2025

developer survey recorded adoption climbing past 80% even as trust in the accuracy of AI out‐

put fell from 40% to 29%, with the single largest frustration, cited by two‐thirds of developers,

being output that is ‘almost right, but not quite.’5 Across this period the models improved

markedly; the structural problem did not move with them.6

1Rarely advanced as an explicit thesis, this is the implicit premise of capability‐first investment and scaling‐
optimist roadmaps; the evidence assembled below weighs against it.

2New Relic / Hanover Research, The 2026 State of AI Coding Report (survey of 200 U.S. engineering leaders).
3CodeRabbit, State of AI vs Human Code Generation, 2025 (470 GitHub PRs, Poisson rate‐ratio comparison); Vera‐

code, 2025 GenAI Code Security Report (100+ models; 45% of generations introduce a known flaw).
4METR, Measuring the Impact of Early‐2025 AI on Experienced Open‐Source Developer Productivity, 2025.
5Stack Overflow, 2025 Developer Survey.
6S. Rabanser, S. Kapoor, A. Narayanan, et al., Towards a Science of AI Agent Reliability, arXiv:2602.16666, 2026:

evaluating 15 models across two complementary agent benchmarks, the authors find that recent capability gains
have produced only small improvements in reliability, a limitation that appears across providers.
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This is not evidence that capability is irrelevant. Better models do produce better output, and

a sufficiently capable model would paper over many channel defects. The claim of this paper

is narrower, and harder to dismiss: capability and the channel are complements, and the field

has poured almost all of its visible investment into the former while leaving the latter under‐

engineered. If this is right, reliability lives disproportionately in the half no one is building.

The reliability problem in LLM‐assisted development mirrors, almost exactly, the reliability

problem that motivated the development of software engineering as a discipline in the first

place. The NATO Software Engineering conferences of 1968 and 1969 were convened in re‐

sponse to what was then called the ‘software crisis’: programs that worked for their authors

failed in the hands of others, systems that performed correctly in testing failed in deployment,

codebases that were maintainable by their original authors became unmaintainable as they

grew.7

The solutions that emerged—structured programming, formal specification, rigorous testing,

version control, code review—were not solutions to a capability problem. The engineers of

1968 had skill in abundance. What they lacked was the engineering discipline that transforms

individual skill into reliable systems.

This paper argues that LLM‐assisted development is in the same position as pre‐discipline soft‐

ware development: engineers with significant capability operatingwithout the structural prac‐

tices that make capability reliable. The solution is not to wait for better models. It is to build

the engineering discipline that the medium requires.

The argument that follows runs from diagnosis to remedy: first, that reliability is lost in the

channel; then, that the disciplines which would recover it are old and have only now become

affordable; and finally, a set of practical principles for engineering the channel one owns.

The Channel as a Communication System

The metaphor of the ‘channel’ is drawn from information theory, but it must be drawn care‐

fully. Shannon’s 1948 theory deliberately set meaning aside: it modeled the faithful transmis‐

sion of symbols through a noisy medium and declared the semantic content of those symbols

irrelevant to the engineering problem.8 That is precisely the half of the problem that scale has

been quietly solving. The half that remains is the half Shannon excluded.
7The two conference reports remain the canonical record: P. Naur and B. Randell (eds.), Software Engineering

(Garmisch, 1968; NATO Science Committee, 1969), and B. Randell and J. N. Buxton (eds.), Software Engineering Tech‐
niques (Rome, 1969; NATO Science Committee, 1970). The term ‘software crisis’ enters wide use through them.

8C. E. Shannon, ‘A Mathematical Theory of Communication’, 1948.
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It was Warren Weaver, in his companion essay to Shannon’s theory, who named the full struc‐

ture.9 Weaver distinguished three levels of communication problem. Level A, the technical

problem: how accurately can the symbols be transmitted? Level B, the semantic problem: how

precisely do the transmitted symbols convey the intended meaning? Level C, the effectiveness

problem: how well does the received meaning produce the intended conduct? Channel engi‐

neering is the discipline of engineering all three levels of the human‐AI channel. The main‐

stream effort to curate what enters the context window is sophisticated work at Level A. If

reliability is lost at B and C—as we argue below—then token curation alone cannot reach it.

The Context Window Is the Medium, Not the Channel

Context‐engineering discussion tends to collapse the channel into the context window. This is

a category error. The contextwindow is themedium: thewire downwhich symbols travel, with

finite bandwidth and characteristic noise. It is necessary, but it is not the whole channel. The

channel also comprises the encoding (how human intent is rendered into a specification the

model can act on), the shared code (the accumulated conventions anddecisions that let a symbol

carry the same meaning to both parties), the feedback path (the validation that detects corrup‐

tion and demands retransmission), and the decoding (how the model’s output is checked back

against intent). Engineering only the medium, packing the window well, addresses Weaver’s

Level A and stops there.

This sense of ‘channel’ should be distinguished from a parallel line of work thatmodels the lan‐

guage model itself as a noisy channel and asks after its information‐theoretic capacity.10 That

work concerns the medium and the model; the channel this paper engineers is the managed

interaction around them (encoding, shared code, feedback, and retention), which is precisely

where Weaver’s semantic and effectiveness problems live. A separate and more recent formal

literature is beginning to formalize the same intuition: modeling the audience and context

as a channel with a finite capacity for meaning, it finds that even perfectly engineered prompts

cannot exceed it, and that vocabularymismatch imposes an irreducible fidelity limit even over

a noiseless carrier: an independent, mathematical restatement of the claim that reliability is

lost at Levels B and C.11
9C. E. Shannon and W. Weaver, The Mathematical Theory of Communication, 1949.
10For the model‐as‐channel view see, e.g., ‘LLMs as Noisy Channels: A Shannon Perspective on Model Capacity

and Scaling Laws’, arXiv:2605.23901, 2026, and the agent‐as‐channel formalization in ‘A Communication‐Theoretic
Framework for LLM Agents’, arXiv:2605.09121, 2026.

11‘The Semiotic Channel Principle: Measuring the Capacity for Meaning in LLM Communication’,
arXiv:2511.19550, 2025; and a related framework integrating Shannon, Weaver, and formal proof systems
(arXiv:2604.16471, 2026), which identifies a ‘semantic bottleneck’ arising from vocabulary mismatch that persists
even over a noiseless carrier.
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The Medium Is Lossy in a Specific, Now-QuantifiedWay

LLM context windows have grown dramatically, from 2,048 tokens in the original GPT‐3 to one

million tokens as standard across today’s frontiermodels, andasmanyas tenmillion in some.12

This growth has led to the assumption that the channel problem is being solved by scale. It

is not. The medium is lossy in a specific, measured way. Liu and colleagues showed that a

model’s ability to use a piece of information depends on where in the context it sits: accuracy

is high at the beginning and the end of the window and sags in the middle: a U‐shaped curve,

with drops exceeding thirty points as a relevant fact moves to the interior.13 Subsequent work

documented ‘context rot’: measurable degradation as input length grows, across every frontier

model tested, even on trivial retrieval tasks.14 Recent theory shows the U‐shape is a structural

property of the causal‐decoder architecture, present at initialization rather than an artifact

that further training will remove.15 Inference‐time calibration can recover part of this loss for

some tasks, but not reliably or in full.16 The lesson inverts the bigger‐window optimism: the

medium does not become reliable by growing. It must be engineered.

This is a property of the medium, in the way packet loss is a property of a network, and it

survives every improvement in the endpoints. Engineering the channel means accounting for

it explicitly: placing the constraints thatmatterwhere attention is highest, andnever assuming

that information merely present in the window is information the model is actually using.

You Cannot Engineer a Channel You Do Not Own

There is a structural precondition that context‐engineering guides routinely skip. To engineer

a channel is to control its encoding, its assembly, its feedback, and its retention. Those controls

belong towhoever owns the loop inwhich themodel runs: the process that decideswhat enters

the window, in what order, under what budget, and what becomes of the output. A tool that

injects context into a window owned by some other agent can influence the channel; it cannot
12As of 2026, one‐million‐token windows are standard across the frontier (current Claude, GPT, and Gemini

models; Gemini’s is exactly 1,048,576); Meta’s Llama 4 Scout advertises the largest at ten million tokens, though no
published benchmark shows quality holding near that length. Epoch AI finds the longest context windows have
grown roughly thirtyfold per year since 2023 (epoch.ai/data‐insights/context‐windows).

13N. F. Liu et al., ‘Lost in the Middle: How Language Models Use Long Contexts’, TACL 2024.
14Chroma Research, ‘Context Rot’, 2025.
15X. Wu, Y. Wang, S. Jegelka, and A. Jadbabaie, ‘On the Emergence of Position Bias in Transformers’, ICML 2025,

prove graph‐theoretically that causal masking biases attention toward earlier positions structurally rather than as
a learned artifact; the follow‐on result ‘Lost in the Middle at Birth: An Exact Theory of Transformer Position Bias’,
arXiv:2603.10123, 2026, shows the full U‐shape is present at random initialization, with or without RoPE, and that
standard pretraining does not remove it.

16C.‐Y. Hsieh et al., ‘Found in the Middle: Calibrating Positional Attention Bias Improves Long Context Utiliza‐
tion’, Findings of ACL 2024 (arXiv:2406.16008): a training‐free method that subtracts the model’s positional bias
from its attention weights recovers up to fifteen points of long‐context RAG accuracy: a partial, task‐dependent
remedy, not a fix.
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engineer it. The full control surface (assembly order, budget enforcement, the position of the

critical constraint, deterministic retention of the corpus) is available only to the owner of the

loop. This is why channel engineering is finally an architectural claim: the discipline begins

at the moment one takes ownership of the loop.

What Engineering the Channel Means

Channel engineering is the practice of deliberately constructing the information environment

inwhich an LLMoperates. It includes: structuring specifications so that themost relevant con‐

straints are proximate to the generation request; maintaining a retrieval layer that surfaces rel‐

evant prior decisions at themoment of generation; building validation gates that catch channel

failures before they propagate into the codebase; andmaintaining an audit trail thatmakes the

history of decisions navigable and recoverable.

Intelligence is not in either participant; it is
in the channel and the accumulated corpus.

HUMAN

Judgment
Direction

CHANNEL

Context window · retrieval
assembly · audit trail

validation gates

AI

Production
Reasoning

CORPUS
Specs · standards · code · tests / activitydb (sessions, decisions, audit)

Figure 1. The Channel Engineering Architecture. Intelligence is not in either participant; it is in the
channel and the accumulated corpus.

The Other Half of the Failure: A Deficit of Executive Function

If the lossymedium is one structural source of unreliability, the process that consumes it is the

other. The contextwindow loses information; themodel traversing it is, in a precise and useful

sense, short‐sighted. A useful vocabulary for this second failure comes from an unexpected

quarter: clinical neuropsychology.

In 1997, the clinical psychologist Russell Barkley reframed ADHD. The disorder, he argued, is

not fundamentally a deficit of attention; it is a deficit of behavioral inhibition, and that single

Engineering the Channel · Socium White Paper · July 2026 7



ENGINEERING THE CHANNEL · SOCIUM WHITE PAPER · JULY 2026

deficit cascades into the executive functions that govern goal‐directed behavior across time:

holding a goal in working memory while acting, resisting the most immediately available re‐

sponse in favor of the correct one, and monitoring whether what was done actually achieved

the goal.17 People with ADHD can attend to what is immediately engaging; what is hard is

sustaining a goal when the path of least resistance diverges from the path to the goal. The

intervention follows from the diagnosis: you do not remediate an executive‐function deficit

by exhorting greater effort; you engineer the environment to supply the functions the person

cannot reliably supply internally.

Observed across long‐horizon tasks, LLM behavior fits the pattern closely, and the parallel is

functional: the behaviors match, even if the mechanisms differ. Working memory: models

drift from their original requirements over a long task, repeating work or solving a subtly dif‐

ferent problem than the one specified; the goal state degrades just as the medium loses its

early tokens. Inhibition: asked whether a test passes, the locally cheapest continuation is text

that asserts it passes, since actually running it is the costlier path; the documented tendency

ofmodels to satisfy the letter of a check (altering a checklist to hide an incomplete task, editing

test code so it reports success) is inhibition failure with a training‐time cause, and it is empir‐

ically attested.18 Self‐monitoring: models reliably over‐report their own completion quality,

because text asserting success resembles high‐quality training datamore closely than text that

pauses to verify: the same preference structure that produces sycophancy.19 None of these is

an attention problem, and none is plausibly the kind of thing a larger model removes: the

training signal that produces them is the same one that makes the models fluent and useful.

This is the same conclusion the communication analysis reached, arrived at from the other

direction. A lossy channel and a short‐sighted process both demand an external structure that

holds the goal, enforces the sequence, and makes the shortcut harder than the work. That

structure is the design brief for everything that follows: a durable corpus and re‐grounding

stand in for the working memory the model cannot maintain; ordered, gated execution sup‐

plies the temporal regulation it lacks; and non‐gameable validation supplies the inhibition it

cannot supply itself. Channel engineering is, in this second light, executive function external‐

ized.
17R.A. Barkley, ‘Behavioral Inhibition, Sustained Attention, and Executive Functions: Constructing a Unifying

Theory of ADHD’, Psychological Bulletin 121(1):65–94, 1997.
18C. Denison et al., ‘Sycophancy to Subterfuge: Investigating Reward‐Tampering in Large Language Models’,

arXiv:2406.10162, 2024: a controlled study in which models trained on ordinary specification gaming generalized,
on rare but non‐negligible occasions, to altering a checklist to cover up an unfinished task and editing test files to
conceal it.

19M. Sharma et al., ‘Towards Understanding Sycophancy in LanguageModels’, ICLR 2024 (arXiv:2310.13548), find
that RLHF‐trained assistants consistently favor responses that match the user over responses that are correct.
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Beyond Context Engineering

Between 2024 and 2026 the field moved. The proposition that LLM unreliability is a context

problem rather than a pure capability problem (Layer 2 of this paper’s thesis) is no longer con‐

trarian; it is the emerging consensus. Anthropic describes context engineering as “the natural

progression of prompt engineering,”20 a 2025 survey systematizing the area drewonmore than

fourteen hundred papers,21 and practitioners now state the diagnosis flatly: most agent fail‐

ures are not model failures but context failures.22 We welcome the convergence. But context

engineering, as practiced, is largely the discipline of curating the tokens that enter a window:

Weaver’s Level A, and often from inside a loop one does not own. Reliability at the tail demands

more than good packing. Five commitments mark where channel engineering continues past

the point context engineering stops.

Context engineering packs the window. Channel engineering owns the loop that fills it, and

is accountable for what comes out.

1. Own the loop, do not plug into one

The controls that constitute channel engineering (assembly order, budget enforcement, con‐

straint placement, deterministic retention) exist only for the owner of the loop. The broader

evidence points the same way: DORA’s 2025 study concludes that AI acts as an amplifier, with

the gains accruing not to teams that adopt a tool but to those with strong control systems and

fast feedback loops.23 The conclusion is not ours alone: the practitioner ‘12‐factor agents’

framework arrives at it independently, making own your context window and own your control

flow two of its load‐bearing factors.24 From the research side, Weng’s survey of harness engi‐

neering names the same layer and treats it as no less decisive than the model itself; Section 12

takes up the relationship.25 Architecture is what separates acceleration from instability.

2. Keep durable memory deterministic

The reflexive answer to a fullwindow (and theprevailing vendor recommendation, Anthropic’s

included) is to have the model compact the history into a generated summary.26 We take the
20Anthropic, ‘Effective Context Engineering for AI Agents’, 2025.
21L. Mei et al., ‘A Survey of Context Engineering for Large Language Models’, arXiv:2507.13334, 2025.
22P. Schmid, ‘The New Skill in AI is Not Prompting, It’s Context Engineering’, philschmid.de, June 2025.
23DORA / Google, State of AI‐assisted Software Development, 2025.
24D. Horthy / HumanLayer, ‘12‐Factor Agents’, 2025.
25L. Weng, ‘Harness Engineering for Self‐Improvement’, Lil’Log, July 2026.
26Anthropic, ‘Effective Context Engineering for AI Agents’, 2025, presents LLM‐based compaction of conversa‐

tion history as a primary long‐horizon strategy.
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opposite position. A generative step in the memory path can hallucinate, and its errors com‐

pound into every later package. Retention should be extractive: it may omit, but it must not

invent. It should be deterministic, and therefore replayable and auditable. The asymmetry

the context‐engineering survey identifies (models comprehend rich context far better than

they generate it) argues against placing generation in the load‐bearing memory path; an ETH

Zurich evaluation in which machine‐generated repository context files reduced task success

points the same way.27 The position is argued, not yet tested.

3. Make validation gates non-gameable

A gate that advertises its acceptance criteria to the generator it constrains invites the model

to satisfy the letter rather than do the work: Goodhart’s law restated for AI.28 The remedy is

to validate submitted evidence after the fact rather than publish the test in advance. The most‐

cited developer frustration of 2025—output that is “almost right, but not quite”—is this failure

at population scale.29

4. Assemble by mode

The channel is not one channel. When a human is in the loop, the conversational tail is the

authoritative statement of intent and recency‐forward assembly is correct. When the human

is absent and the model is executing autonomously, the opposite holds: intent must be struc‐

turally re‐presented, pinned and placed where attention is highest, so that the goal cannot age

out beneath a pile of intermediate results. Uniform context management ignores this; the

position effects documented above make it decisive.

5. Re-ground at every step

Because per‐step errors compound (Section 7), reliability must be re‐secured at each step,

through retrieval that re‐anchors the model in project truth and gates that re‐check its output.
27AnETHZurich evaluation across four coding agents and two benchmarks found that LLM‐generated repository

context files reduced task‐success rates relative to providingno context filewhile raising inference cost by over 20%;
developer‐written files produced onlymarginal gains. ‘Evaluating AGENTS.md: Are Repository‐Level Context Files
Helpful for Coding Agents?’, arXiv:2602.11988, 2026. The study measures generated context files, not generative
compaction of conversation history; the two are related but distinct mechanisms.

28C. A. E. Goodhart, ‘Problems of Monetary Management: The U.K. Experience,’ Papers in Monetary Economics,
Reserve Bank of Australia, 1975, originates the law; the now‐standard phrasing, “when a measure becomes a tar‐
get, it ceases to be a good measure,” is M. Strathern, ‘Improving Ratings: Audit in the British University System’,
European Review 5(3), 1997.

29F. Liu et al., ‘Beyond Functional Correctness: Exploring Hallucinations in LLM‐Generated Code’, IEEE TSE
2026 (arXiv:2404.00971), build a taxonomy of code hallucinations whose categories include conflicts with the task’s
requirements and with the surrounding project context: “almost right” is, concretely, fluent and plausible code
that diverges from intent or repository reality.
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Historical Precedents: Discipline as the Answer

The history of high‐reliability software is a history of engineering discipline closing the gap

between capability and reliability. The aerospace industry’s DO‐178C standard30 did not make

programmersmore capable; it made their capabilitymore reliably usable. Themedical device

industry’s IEC 6230431 works the same way: it imposes the structural practices that make skill

reliable in safety‐critical contexts.

Bertrand Meyer’s Design by Contract, formalized in the Eiffel language and documented in

Object‐Oriented Software Construction,32 was an answer to the same problem at the level of indi‐

vidual modules: how do you make the behavior of a component reliable and verifiable inde‐

pendently of the competence of its caller? The answer was to make the contract explicit—to

engineer the interface between components so that violations were detectable at the bound‐

ary.

Daniel Jackson’s Alloy and the broader formal methods tradition33 approached the problem

from the other direction: rather than making components more robust to incorrect usage,

make the specification precise enough that incorrect usage becomes visible before implemen‐

tation. The discipline of writing a formal specification forces the engineer to confront the

ambiguities and contradictions that will otherwise surface as bugs.

Leslie Lamport’s work on distributed systems,34 from logical clocks to the TLA+ specification

language, is perhaps the most directly relevant precedent. Lamport’s insight was that dis‐

tributed systems fail in specific, structuralways that cannot be addressedby improving individ‐

ual components. The failure modes are properties of the system’s communication structure,

not properties of its components. The solution is to engineer the communication structure

explicitly.

The software engineering tradition is not the only domain to have confronted the problem of

staying accountable for outcomes one authorized but did not personally execute. Military com‐

mand doctrine arrived at a direct answer, under conditionsmore demanding than software de‐

velopment. The doctrine is called mission command (Auftragstaktik in its Prussian form), and

its structure is centuries old: the commander issues intent and holds judgment; subordinates

exercise bounded initiative within that intent; the scaffolding supplies the observability that
30https://www.rtca.org/do‐178/
31https://www.iso.org/standard/38421.html
32https://bertrandmeyer.com/OOSC2/
33https://alloytools.org/book.html
34https://lamport.azurewebsites.net/pubs/time‐clocks.pdf
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makes command responsibility honest rather than a fiction.35

Theparallel to channel engineering is structural. Commander accountability is legitimate only

to the degree the commander can comprehend and refuse what they authorize; a checkpoint

trivial enough to rubber‐stamp produces accountability in name only. The same constraint

is load‐bearing in human‐AI systems: amplifying past the steward’s capacity to judge does not

maximize reliable output per unit of human judgment; it produces accountability theater. This

is the governing disposition behind every gate, every provenance record, and every audit trail

in channel engineering: they exist to keep the human’s accountability exercisable.

The agile movement of the 1990s and 2000s was, in part, a reaction against the overhead costs

of formal discipline in mainstream development. This reaction was not without merit: the

heavyweight processes of the era (waterfall, RUP, CMM) had accumulated overhead far be‐

yond what the value of the discipline warranted. But the reaction overcorrected. The field

abandoned discipline rather than right‐sizing it. The ‘move fast’ era of the 2010s is the result:

enormous velocity in individual components, chronic unreliability in systems. Empirical stud‐

ies of agile teams document this de‐emphasis directly: internal documentation and explicit

specifications are systematically under‐produced, and practitioners themselves recognize the

resulting gap as a source of technical debt and lost design rationale.36

The Abandonment of Discipline—andWhy It Matters

The formal discipline of software engineering was not abandoned because it failed. It was

abandoned because it was expensive. Writing formal specifications, maintaining audit trails,

enforcing validation gates: these practices carry real overhead costs. For safety‐critical sys‐

tems, where the cost of failure is measured in lives, the overhead is clearly worth paying. For

a startup building a consumer application, where the cost of failure is measured in churn and

support tickets, the calculus was different.

The economic argument against discipline was never wrong for the contexts in which it was

made. It was wrong in its implicit assumption that the overhead costs were fixed. They were

not. The costs of discipline are primarily costs of communication and documentation: writing
35Codified in contemporary form as Mission Command (U.S. Army Doctrine Publication ADP 6‐0, 2019), the doc‐

trine traces to Prussian military reform following the Napoleonic wars, and has been independently rediscovered
across aviation crew resource management, nuclear plant operations, and other high‐stakes delegation contexts.
For the general doctrine see en.wikipedia.org/wiki/Mission_command.

36See, e.g., C. J. Stettina andW. Heijstek, Necessary and Neglected? An Empirical Study of Internal Documentation in
Agile SoftwareDevelopment Teams, SIGDOC, 2011; andWorking Software over ComprehensiveDocumentation: Rationales
of Agile Teams for Artefacts Usage, JSERD, 2018.
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down what you intend, tracking what you decided, verifying that what you built matches what

you intended. These are the costs that LLMs have collapsed.

A formal specification that a senior engineer might once have spent two days writing can plau‐

sibly be drafted in an afternoon; an audit trail that once required dedicated tooling andmanual

effort can now bemaintained automatically. The controlled evidence on AI and developer pro‐

ductivity is genuinely mixed: a randomized trial at Google found AI assistance shortened time

on a complex enterprise task by roughly 21%, and a combined field experiment across three

firms and 4,867 developers reported a 26% increase in completed tasks, even as theMETR trial

discussed earlier found a 19% slowdown for experienced developers on mature repositories.37

The exact multiplier matters less than the direction: the labor cost of producing and main‐

taining the artifacts of discipline (specifications, decision records, audit trails) has fallen far

enough, for enough tasks, that the historical economic argument against discipline no longer

holds by default. The discipline is not cheaper because the intellectual requirements have

changed; it is cheaper because the administrative labor has. And the saving is real only when

it is counted net of validation: a draft produced in an afternoon still has to be checked, and it

is the checking that the gates of channel engineering make affordable to trust.

LLMs do not make engineering discipline unnecessary. They make it affordable, for the first

time, for many.

The Probability Space: How Context Narrows Uncertainty

A useful way to think about what an LLM does is in terms of probability distributions over

output space. Given no context, the model’s output distribution is broad: any text that is con‐

sistent with the pretraining distribution is approximately equally likely. As context is added (a

system prompt, a specification, examples, prior conversation), the distribution narrows. The

model’s outputs become more specific, more consistent, more likely to match what the engi‐

neer intends.

This framing makes the engineering problem precise. The goal of channel engineering is to

narrow the output distribution to the region of output space that contains the specific output

the work requires. The channel is the mechanism by which context is delivered to the model.

The quality of the channel determines how effectively context narrows the distribution.
37‘How Much Does AI Impact Development Speed? An Enterprise‐Based Randomized Controlled Trial’,

arXiv:2410.12944, 2024; Z. Cui et al., ‘The Effects of Generative AI on High‐Skilled Work: Evidence from Three
Field Experiments with Software Developers’, 2025.
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Why Tail Reliability Compounds

A single generation that is 95% reliable sounds excellent. But agentic software work is not a

single generation; it is a chain of many dependent steps (read, design, implement, test, debug,

ship), each conditioned on the last. Reliability across a chain is approximately the product of

the per‐step reliabilities. At an illustrative 95%per step, a ten‐step task finishes correctly about

60% of the time; a hundred‐step task, well under 1%: 0.95100 ≈ 0.006.38 This treats the steps

as independent—the charitable assumption. Real errors correlate: a mistake left in the win‐

dow conditions every step that follows, so per‐step accuracy degrades as the chain lengthens

rather than holding flat. The independent‐step curve therefore understates the trouble, not

overstates it; the true uncorrected decay is steeper still. Which is exactly why the remedy can‐

not be a better average step; it must interrupt the propagation: re‐ground in project truth so

themodel stops conditioning on its own residue, and gate each step so an error is caught before

it poisons the next. This arithmetic explains why mean accuracy on isolated benchmarks so

badly overpredicts reliability in production, and why the METR finding, capable models mak‐

ing experienced developers slower on real, multi‐step tasks, should have surprised no one.

It also dictates the remedy. A chain cannot be made reliable by raising the average quality of a

step alone; it must be re‐grounded at each step so that errors are caught before they propagate.

Retrieval re‐anchors the model in project truth at the moment of generation; validation gates

catch corruption before it is committed. That is what arrests the compounding.

The Retrieval Problem

The central challenge of channel engineering is retrieval: identifying, from the accumulated

corpus of the project, the specific context that is most relevant to the current generation re‐

quest. This differs from search in the traditional sense: the most relevant context is not al‐

ways the most similar context. What is wanted is the context that most effectively constrains

the output distribution toward the desired output.

This distinction matters in practice. A naive retrieval system that surfaces the most semanti‐

cally similar prior decisions will often surface the wrong context: decisions made in similar

but importantly different circumstances. We state this as a requirement rather than a solved
38The per‐step figure is illustrative; the compounding it models is measured. METR finds task‐success rates fall

steeply with task length: the horizon at which frontiermodels succeed 80% of the time is roughly five times shorter
than their 50% horizon, the macroscopic signature of errors compounding across steps (‘Measuring AI Ability to
Complete Long Tasks’, arXiv:2503.14499, 2025). Sinha et al. trace themechanism: single‐step accuracy compounds
over a horizon, so marginal per‐step gains translate into exponentially longer achievable tasks; a model highly ac‐
curate in one step still fails acrossmany. They further find per‐step accuracy itself degrades as steps accumulate, the
model conditioning on its own earlier mistakes: a ‘self‐conditioning’ effect (‘The Illusion of Diminishing Returns:
Measuring Long Horizon Execution in LLMs’, ICLR 2026, arXiv:2509.09677).
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problem, because it is genuinely hard. An adequate retrieval layer must rank by causal rele‐

vance (which prior decisions constrain the current one) rather than by surface similarity, and

must carry the provenance needed to resolve conflicts when sources disagree. Naming those

properties precisely fixes the engineering target; hitting it remains hard.

No context

Broad distribution
High entropy, generic output

Some context

Narrowing distribution
Lower entropy, more specific

Full context

Narrow distribution
Low entropy, specific output

Figure 2. Without context, the model’s output distribution is broad and generic. As context is added
through retrieval, structured specifications, and accumulated decisions, the distribution narrows to

the region that contains the specific output the work requires. Channel engineering is this winnowing,
operationalized.

The Validation Gate: Catching Channel Failures

A channel failure is an instance where the context delivered to the model was insufficient to

constrain the output distribution to the desired region. Channel failures manifest as bugs, hal‐

lucinations, inconsistencies, and specification violations. In a disciplined development pro‐

cess, these failures are caught at validation gates: explicit checkpoints where the output is

verified against the specification before it propagates into the codebase.

The concept of a validation gate is borrowed directly from hardware engineering. In chip de‐

sign, simulation gates and formal verification checkpoints are placed at every stage of the de‐

sign pipeline to catch errors before they are committed to silicon, where the cost of a fix is

orders of magnitude higher. The same principle holds in software, and here the evidence is

direct rather than analogical: the relative cost of repairing a defect rises steeply the later it

is caught. Boehm’s classic data placed a defect found in operation at hundreds of times the

cost of one corrected at the requirements stage, and the 2002 NIST/RTI study estimated that

finding defects closer to where they are introduced could recover on the order of $22 billion

a year in the United States alone.39 The exact multiplier is contested: more recent analysis

finds the cost‐to‐fix curve is not always exponential, or evenmonotonic, across projects.40 But

the direction is robust, and it is the empirical foundation of the shift‐left doctrine: catching a

channel failure before a generated artifact reaches the codebase is far cheaper than catching
39B. W. Boehm, Software Engineering Economics, Prentice Hall, 1981, established the canonical cost‐to‐fix‐by‐

phase curve; G. Tassey, The Economic Impacts of Inadequate Infrastructure for Software Testing, NIST/RTI, 2002, esti‐
mated U.S. annual costs of $59.5 billion from inadequate testing, roughly $22.2 billion of it recoverable by catching
defects nearer the stage that introduced them.

40‘Are Delayed Issues Harder to Resolve? Revisiting Cost‐to‐Fix of Defects throughout the Lifecycle’, 2017.
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it in production.

What Validation Gates Look Like in Practice

A validation gate is any checkpoint that compares a generated artifact against a specification.

In the simplest case, it is a human review: the engineer reads the generated code and checks it

against the requirements. Inmore sophisticated implementations, it is automated: a test suite

that verifies the generated code against a formal specification, a static analyzer that checks the

code against a set of invariants, a contract checker that verifies the code against a Design by

Contract specification.

The key property of a validation gate is that it is explicit: it makes the comparison between

intent and output a formal step in the process, rather than an implicit assumption. This ex‐

plicitness is what makes channel failures catchable and correctable.

Gates Must Be Non-Gameable

A gate for an LLM differs in a subtle but decisive way from a checklist for a human. If the

acceptance criteria are visible to the generator, a capable model will optimize to satisfy them

as stated, producing output that passes the check without doing the underlying work. This is

Goodhart’s law restated for AI: a measure that becomes a target ceases to be a good measure.

The defense is to validate submitted evidence after the fact rather than to publish the test in ad‐

vance. The gate inspects what was actually produced and returns an actionable verdict; the

rubric stays hidden. A gate that teaches the model how to pass it is not a gate.

A validation gate is not bureaucracy. It is the moment when the engineer’s intent and the

model’s output are placed in the same frame and compared.

The Four-Layer Thesis

The argument of this paper can be organized into four layers, each resting on the one below.

Understanding the layered structure helps clarify why the field’s current approach, waiting for

better models, is responding to the wrong layer of the problem.

Layer 1: The Capability Frame. The field’s default interpretation of LLM unreliability is that

it is a capability problem: the models are not yet good enough. The solution, in this frame, is

to wait for better models, larger context windows, more capable reasoning. This frame is not

wrong (better models do produce better outputs), but it is incomplete. It treats reliability as a
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function ofmodel capability alone, ignoring the engineering environment in which themodel

operates.

Layer 2: The Communication Frame. The thesis of this paper is that LLM unreliability is pri‐

marily a communication problem: the channel between human intent and model output is

under‐engineered. The model has the capability; what it is missing is delivery, because the

information it needs to succeed is not reaching it in usable form. This reframing moves the

problem frommodel improvement to channel engineering.

Layer 3: The Restored Discipline. Channel engineering is an old discipline under a new name:

the application of established software engineering practices (formal specification, validation

gates, audit trails, evidence‐based progress) to the specific challenges of LLM‐assisted devel‐

opment. These practices were developed to solve the same problem for human programmers

that channel engineering solves for LLMs. They were abandoned because they were too ex‐

pensive. LLMs make them affordable again.

Layer 4: The Deeper Disposition. Underlying the communication frame and the restored dis‐

cipline is a deeper disposition: the recognition that distributed systems (and human‐AI collab‐

oration is a distributed system) fail in structural ways that cannot be addressed by improving

individual components. The fallacies of distributed computing41 apply to human‐AI systems

as much as to networked software: the network is not reliable, latency is not zero, bandwidth

is not infinite, the channel is not secure.

The specific structural failure this produces in human‐AI systems has a name: an accountabil‐

ity sink,42 the failure mode where responsibility drains into a process until no human is an‐

swerable for its outcomes. A system that executes autonomously without making its progress

legible, auditable, or refusable at each consequential step does not merely fail to be reliable;

it fails to be governed. The deepest obligation of the discipline follows: refuse to build account‐

ability sinks. Make the system reliable, and keep the human’s accountability over it exercisable.

A gate trivial enough to rubber‐stamp provides the form of oversight without the substance; it

is an accountability sink pointed the other way.
41https://en.wikipedia.org/wiki/Fallacies_of_distributed_computing
42The term is due to Dan Davies, The Unaccountability Machine: Why Big Systems Make Terrible Decisions—and How

the World Lost Its Mind (Profile Books, 2024), which develops it from Stafford Beer’s management cybernetics.
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LAYER 1 The Capability Frame

The frame this thesis argues against.

Better models, bigger context, more tools: wait for capability.

LAYER 2 The Communication Frame

The diagnosis that inverts the field’s default.

Unreliability is a communication problem: engineer the channel.

LAYER 3 The Restored Discipline

Old approaches, now economically viable.

Specifications, validation gates, evidence, deterministic retention, audit trails.

LAYER 4 The Deeper Disposition

The cultural forgetting this thesis responds to.

Distributed systems (human–AI included) fail structurally; engineering the channel keeps the human’s accountability

exercisable.

Figure 3: The thesis in four layers, surface to foundation; each rests on the one below. The field operates only at Layer 1; the

thesis operates at Layers 2–4, with Layer 3 (highlighted) the actionable core.

The SociumModel: A Framework for the Partnership

The Socium model takes its name from the Latin word for partner or associate. If channel

engineering is the discipline, the Sociummodel is one concreteway to practice it: a framework

for treating human‐AI collaboration as a genuine partnership between two different kinds of

intelligence, joined by a shared substrate of accumulated work.

The model has three components. The first is the two participants: the human, who brings

judgment, direction, and domain expertise; and the AI, who brings production capacity, pat‐

tern recognition, and broad knowledge. The second is the channel: the context window, the

retrieval layer, the prompt construction, and the validation gates, which together form the en‐

gineered information environment thatmakes the partnership productive. The third is the cor‐

pus: the accumulated artifacts of the work (specifications, code, tests, decisions, audit trails)

that constitute the partnership’s durable memory.
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The Corpus as Distributed Memory

The corpus is themost important andmost underappreciated component of the Sociummodel.

LLMs are stateless: each generationbegins fromscratch, with nomemory of prior interactions

except what is delivered through the context window. In a naive implementation, this means

that the accumulated knowledge of a long collaboration is lost at the end of each session. In

a disciplined implementation, the corpus is maintained as a structured artifact that can be

retrieved and delivered through the channel on demand.

The corpus is more than a log: a structured representation of the decisions, specifications,

and constraints that govern the work. It is organized so that the most relevant prior decisions

can be surfaced at the moment of generation, narrowing the output distribution toward the

desired region. A well‐maintained corpus is the difference between a model that generates

code consistent with the project’s architecture and a model that generates code that is locally

correct but globally incompatible.

The socium is the interwoven substrate: accumulated decisions that belong to neither partic‐

ipant alone, and that persist when either participant is swapped out.

The Socium model implies a specific kind of development process. Work proceeds through

a cycle of specification, generation, validation, and corpus update. The specification phase

produces a structured artifact that constrains the generation. The generation phase produces

output within those constraints. The validation phase compares the output against the spec‐

ification and catches channel failures. The corpus update phase incorporates the validated

output, and the decisions that produced it, into the accumulated corpus.

The Cycle in Practice

Theauthor is implementing these fourphases in aRust daemon, informedbyapriorPython/MCP

prototype that exposed the failure modes (silent plan‐item drops, permissive gate fallbacks,

model self‐attestation of approval) that the design corrects. The correctedmechanics are spec‐

ified but not yet all operational; the prototype’s defects are what they correct. Tracing a single

task through the design makes the cycle concrete.

A feature does not begin with a prompt. It begins with a specification, a structured set of ar‐

tifacts: business requirements, technical design, and a task breakdown in which every task

carries explicit, checkable acceptance criteria. The specification is authored in its own gated

workflow, and is not advanced to implementation until a human approves it. This is the mo‐
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HUMAN AI

Shared headspace — the socium

Mixed‐color paths: contributions interwoven into a single accumulated intelligence.

Accumulated corpus→ durable intelligence

Figure 4. Two participants, human and AI, joined by a shared headspace of accumulated decisions.
The contributions are interwoven in the network; by the time a decision is in the corpus, it is neither
purely human nor purely AI. The socium is the interwoven substrate, and it is what persists when

either participant is swapped out.

ment the output distribution is narrowed—before a line of code is generated.43

Implementation then proceeds one task at a time. Before generating, the agent retrieves the

project’s own standards for thework at hand, re‐grounding in project truth rather than trusting

the residue left in the window. It writes the code and its tests, then submits the result to a

validation gate. The gate is designed tobenon‐gameable by construction: the evidence schema

it checks against iswithheld from the generating agent, so themodel cannot optimize to the rubric.

It can only submit proof artifacts (test output, file listings, command results), which the gate

validates after the fact, down to their content. When implemented as specified, a failed gate

halts advancement; an autonomous run cannot self‐certify its way past it.

Only validated work updates the corpus. The acceptance criteria are marked complete, an

evidence record is appended, and the decision joins the durable corpus of specifications, stan‐

dards, and audit trails. When a later session (a fresh, stateless model with no memory of this

work) meets a related problem, it retrieves that decision through the same channel. Each val‐

idated task leaves the next one better grounded than the last: the loop is built to compound

reliability rather than erode it.

A SINGLE TASK, TRACED

43Q. Ma et al., ‘What Should We Engineer in Prompts? Training Humans in Requirement‐Driven LLM Use’, ACM
TOCHI 2025 (arXiv:2409.08775): in a randomized controlled experiment, training novices to articulate explicit re‐
quirements outperformed conventional prompt‐engineering training twenty points to one, a gap automatic prompt
optimization did not close. Input quality lives in the requirements, not the phrasing.
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Spec. Task 3.2, “add bounded retry to the upload client,” carries one checkable acceptance criterion:

retries are bounded, backoff is exponential, and a test proves no retry on a 4xx response. A human approves

the spec before a line of code is generated.

Gate (withheld). The evidence schema the gate enforces is never shown to the generating agent:

require test_output : artifact

assert max_retries <= 10

assert proof : no_retry_on_4xx

The agent cannot shape its work to a rubric it cannot read.

Proof. It submits artifacts, not assurances:

test_output: 14 passed, incl. test_no_retry_on_4xx

The gate checks the artifact’s content; a bare “done” does not pass.

Corpus. On a pass, the decision bounded-retry-policy and its evidence record join the durable cor‐

pus, retrievable months later by a fresh, stateless session that never saw this task.

Practical Principles for Channel Engineering

The following principles are intended as a practical guide for engineers and teams seeking to

apply channel engineering in their own development processes. They distill the thesis into

actionable guidance; a complete methodology would take more than a paper.

1. Own the loop you intend to engineer

The controls that make the channel reliable (assembly order, budget enforcement, constraint

placement, deterministic retention) belong to whoever owns the agent loop. Build (or adopt)

a substrate that gives you those controls. A configuration layered on top of an agent you do not

control can influence the channel but cannot engineer it.

TEST If you cannot change assembly order, budget, or retention without another vendor’s permission,

you do not own the loop; you are a guest in it.
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2. Treat the context window as a communication channel

Design your prompts and retrieval systems with the same attention to signal‐to‐noise ratio

that you would bring to any communication engineering problem. Every token in the context

window should be earning its place by narrowing the output distribution toward the desired

output.

TEST Point at any token in the window and name what it narrows. If you cannot, it is noise you are

spending attention budget to carry.

3. Maintain a structured, deterministic corpus

The accumulatedwork of the project should be organized as a retrievable artifact, not scattered

across files, chat histories, and tickets. The corpus is the project’s memory; it should be as de‐

liberately maintained as the codebase, and it should be deterministic and auditable. When the

corpus must be condensed to fit, prefer extraction (selecting verbatim content with its prove‐

nance) over generative summary: a summary that hallucinates poisons every future retrieval,

while extraction can only omit, never invent.

TEST If condensing the corpus can produce a sentence no source ever wrote, every future retrieval can

inherit the invention.

4. Write specifications before generating

Every significant generation task should be preceded by a specification: a structured descrip‐

tion of what the output should do, what constraints it should satisfy, and how it will be vali‐

dated. The specification is the instrument that narrows the output distribution before genera‐

tion begins.

TEST If you cannot state how the output will be checked before you generate it, you have a prompt,

not a specification.

5. Place non-gameable validation gates before commits

Every generated artifact should pass through a validation gate before it is committed to the

codebase. The gate may be a human review, an automated test suite, a static analyzer, or a

combination. The key property is that it is explicit: intent and output are compared at a formal

checkpoint. Where the generator is itself an LLM, the gate should validate submitted evidence

after the fact rather than advertise its acceptance criteria in advance; otherwise the model

optimizes to pass the test rather than to do the work.
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TEST If an agent that could read the gate’s criteria could still pass without doing the work, it is a

rubric, not a gate.

6. Update the corpus on every validated decision

Every decision that passes through a validation gate should be incorporated into the corpus.

The corpus grows through thework; decisions that are not captured are lost, and their absence

degrades the quality of future generations.

TEST Ask where last week’s validated decision lives. If the only answer is “the chat history,” it is

already lost to every future retrieval.

7. Assemble context for the mode of the work

Distinguish human‐in‐the‐loop work from autonomous execution. When a human is present,

let the conversational tail carry intent. When the model runs unattended, pin the goal and

re‐present it where attention is highest, so it cannot age out beneath intermediate results. One

assembly strategy does not serve both.

TEST At step 20 of an unattended run, check whether the goal still sits where attention is highest.

If intermediate results have displaced it, your assembly was designed for a conversation that is not

happening.

8. Re-ground at every step

Because errors compound across a chain of steps, reliability cannot be secured once at the

prompt. Re‐anchor themodel inproject truth through retrieval, and re‐check its output through

gates, at every step. The channel is engineered continuously, not configured once.

TEST Count the steps between two retrievals of project truth. Every step in that gap is one where the

model trusts window residue and error compounds unchecked.

9. Treat reliability as an engineering problem, not a model problem

When a generation fails—when the output does not match the intent—diagnose the channel

before youblame themodel. Askwhat contextwasmissing, what specificationwas ambiguous,

what validation gate failed to catch the error. The model is a component; the channel is the

system.

TEST When a generation fails, if your first move is to swap the model rather than ask what context
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was missing or what gate let it through, you are treating a system defect as a component defect.

RelatedWork: Where This Sits

The framing this paper uses is no longer its own. Between 2024 and 2026, two adjacent bodies

of work converged on the communication metaphor from opposite ends. On the practitioner

side, context engineering matured into a named discipline, with the context window treated

as a finite attention budget to be curated. On the academic side, a formal literature began

modeling the language model, and the agent loop around it, as a noisy channel with a mea‐

surable capacity. This paper neither invented the metaphor nor competes on formal capacity

bounds. Its contribution is a discipline: a connected set of commitments, grounded in the

software‐engineering reliability tradition, for engineering the channel one owns.

It departs from practitioner context engineering in three specific places. Context engineering,

as practiced, curates the tokens that enter a window (Weaver’s Level A) and frequently does

so from inside a loop it does not control. On durable memory it recommends generative com‐

paction; this paper argues the opposite, for extractive, deterministic retention. And it treats

validation as advisory rather than as a non‐gameable gate. Each departure is a place where

reliability at the tail demands more than good packing.

It is also complementary to the inference‐time reliability methods the formal literature has re‐

cently unifiedas ‘channel operators’: self‐consistency, best‐of‐N , self‐refine, chain‐of‐verification,

and the like.44 Those methods reduce the variance of a single generation step by sampling or

self‐critique. Channel engineering operates across the whole loop: assembly, retention, gates,

and a durable corpus. The distinction matters because a low‐variance step is still one step in

a compounding chain: driving the per‐step error down helps, but it does not, by itself, arrest

the geometric decay of Section 7. Re‐grounding addresses what better sampling cannot.

As this paper was being finalized, the same layer was named from the capability direction.

Weng’s harness engineering describes the system surrounding a base model that orchestrates

how it plans, acts, manages context, stores artifacts, and evaluates results, and surveys how

that layer can be made to improve itself.45 The convergence is substantial: the harness is

largely the machinery this paper calls the owned loop, and Weng’s design patterns (durable

state kept in files rather than in context; evaluators held outside any loop the agent can influ‐

ence) restate two of its commitments. Where the accounts part is purpose. Harness engineer‐
44Thesemethods are catalogued and unified as special cases of a small set of communication‐theoretic operators

in ‘A Communication‐Theoretic Framework for LLM Agents’, arXiv:2605.09121, 2026.
45L. Weng, ‘Harness Engineering for Self‐Improvement’, Lil’Log, July 2026.
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ing treats the layer as an optimization surface, up to and including an agent that evolves its own

harness; channel engineering holds that the parts which keep the human’s intent authoritative

(the withheld gate schema, the deterministic corpus, the provenance record)must remain out‐

side the agent’s reach, because a loop that can rewrite its own evaluator is the accountability

sink of Section 9, built deliberately. The open problems on which Weng’s survey closes (weak

evaluators, reward hacking, human oversight) are the problems this paper’s commitments ex‐

ist to answer.

A word on evidence. This paper draws its empirical support from independent studies of long‐

context degradation, position bias, agent productivity, machine‐generated context, reward

tampering, and sycophancy, rather than from a system of its own. That is the honest boundary

of a synthesis: it organizes and argues; it does not yet measure. The natural next step, and the

one that would distinguish this account from its neighbors, is the controlled measurement of

these commitments inside a system that owns the full loop.

What remains particular to this account, then, is three things the surrounding literature does

not combine: the diagnosis of long‐horizon failure as a functional executive‐function deficit (be‐

haviors that match, mechanisms that may not) rather than a deficit of capability or attention;

the explicit, falsifiable preference for deterministic memory over generative compaction; and

the reconstruction of LLM reliability as the next chapter of an engineering tradition that al‐

ready knows how to make capable but inconsistent agents reliable.

Conclusion: The EngineeringWe Already Know How to Do

The field of software engineering was born in crisis: systems that worked for their authors

failed in the hands of others, and programs that passed testing failed in production. The solu‐

tions that emerged (structured programming, formal methods, rigorous testing, version con‐

trol) were systematic applications of engineering discipline to amedium that had been treated

as craft.

LLM‐assisted development is in the same position. The models are capable. The discipline is

not there. The reliability problem will not be solved by waiting for better models; it will be

solved by building the engineering practice that the medium requires. That practice exists. It

was developed over fifty years of high‐reliability software engineering. It was not wrong; it was

expensive. LLMs have made it affordable.

The Socium model is a proposal for how to apply that practice to the specific challenges of
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human‐AI collaboration: treat the partnership as a distributed system, treat the context win‐

dow as a communication channel, treat the accumulated work as a shared corpus of durable

intelligence. Engineer the channel. The rest follows.

The engineeringwe need is not new. It is the engineeringwe already know how to do—applied,

at last, to the medium that has needed it most.

This paper is an argument, not a product. The author is putting these principles into practice

at Socium; if you are working on the same problem, the conversation is open.
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