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Abstract

Production LLM systems increasingly adapt outside the model weights.1
After deployment failures, teams modify prompts, rules, memories, skills,2
tools, eval suites, routing graphs, and governance pipelines on a cadence3
that frontier weight updates cannot match. But this scaffold layer is still4
mostly maintained as patchwork: fixes are proposed by intuition, commit-5
ted with weak credit assignment, accumulated without pruning, and pro-6
moted beyond the scope where they were validated. This paper formalises7
a disciplined alternative, which we call artifact-layer descent. The pipeline8
is concrete. Recurring residuals are assigned to scaffold coordinates. Can-9
didate artifact deltas are tested against patch loss. Accepted deltas persist10
with rollback. Promotion across contexts is bounded by evidence radius: a11
local fix spreads only as far as the evidence supports. Surveying approx-12
imately 130 production and research systems from 2023 to 2026, we find13
current systems partially instantiate this loop but leave a central archi-14
tecture gap, namely governed scaffold optimization across contexts. The15
contribution is not the claim that prompts are weights. It is to name the16
missing optimizer for an adaptation layer the field has already built.17

1. The gradient moved outside the model18

The standard mental model of an LLM system is the model: pre-training fixes the weights,19
fine-tuning nudges them, and deployment wraps a thin prompt-and-tool layer around the20
result and ships. Production in 2025 and 2026 has stopped behaving this way. Frontier21
models update on cycles measured in months; the systems built on top of them update22
continuously, in markdown instruction files, persistent memories, retrieved skills, registered23
tools, evaluation suites, agent topologies, version-controlled prompt repositories, and PR-24
gated governance. A growing share of deployment-time adaptation now occurs outside the25
weights, in a fast-changing local scaffold wrapped around a slow-changing frontier. The26
section title is a metaphor: the scaffold layer is not a gradient in the calculus sense. The27
substantive claim is the milder one — production AI has accidentally created an external28
learning surface, and right now it is being operated as patchwork rather than as a disciplined29
optimization process.30

Read together, these artifacts form a single external adaptation surface that current prac-31
tice still treats as scattered engineering. A Claude Skill is a learned procedural weight kept32
outside the model. A Cursor Rule is a local parameter for one project’s distribution shift. A33
RAG connector is patch-specific memory access. A tool registry is capability provisioning34
along an axis the base model cannot reach. A PR review against a shared rule repository is35
a promotion gate on a federated update. An eval suite that blocks merge is a validation-loss36
check before promotion. None of these mechanisms is new; what is new is reading them as37
one adaptation surface and asking what optimization discipline that surface needs. This pa-38
per surveys roughly 130 production and research systems, identifies the six substrates where39
the scaffold lives, formalises a two-loop architecture (local update; cross-context promotion40
under a gate), and names a missing architecture as its most consequential open problem:41
governed cross-tenant scaffold optimization with versioned lineage, role-based access, and42
rollback. The single-line thesis is this: the field has built an external adaptation layer for43
LLMs, but not the optimizer that should govern it.44
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2. Why patch errors live outside the weights45

The scaffold is not merely where production systems happen to store patches. Under46
deployment-time constraints — release cadence, tenant isolation, inspectability, rollback47
— it is often the practical substrate, because it is cheap, locally scoped, reversible, and48
updatable at human time-scales while the weights are not.49

Frontier training optimises for breadth. The weights are tuned for cross-patch generalisa-50
tion, smoothing over local conventions, contradictory tenant preferences, and rare workflow-51
specific failures to preserve broad competence across millions of unseen deployments. RLHF52
reduces output diversity and homogenises preferred styles across users (Kirk et al. 2024;53
Padmakumar and He 2023), so the frontier model is trained to be unable to encode a54
single tenant’s idiosyncrasies as preferred behaviour. Tiwari et al. (2026) supply the match-55
ing two-timescale argument from the in-context / in-weights side: in-context adaptation56
is cheap and rapid but capacity-bounded, in-weights adaptation is expressive but induces57
catastrophic forgetting and plasticity loss. Production reliability, by contrast, is achieved58
in depth: inside one deployment patch, reliability is determined by exactly what global59
training had to smooth away. Encoding every patch in the weights is ruled out on economic,60
release-cycle, and cross-patch-interference grounds at once. The frontier model generalises;61
the local scaffold specialises; reliability comes from governing that specialisation.62

Prior work on error accumulation (Arbuzov et al. 2025, 2026) makes the specialisation63
tractable. It argues that LLM errors concentrate sparsely at a few key tokens and cluster into64
a finite catalogue of recurring failure modes whose size grows only slowly in the number of65
observed failures. A patch’s residual is therefore not diffuse noise but a small set of repeating66
modes, each attachable to a scaffold coordinate — which is what makes a disciplined local67
optimizer possible at all, and what tells that optimizer where to spend its budget.68

Three stages of scaffold maintenance recur across the corpus. They differ in how candidate69
updates are produced, whether credit assignment is explicit, and whether promotion is70
evidence-bounded. Most production deployments sit at Stage 1 or 2; the formalism of §371
applies to Stage 3.72

Stage
Update
mechanism

Credit
assignment

Promotion
discipline

Dominant
failure mode

1. Patchwork Intuition-driven
local edits

Implicit / ad
hoc

None Bloat

2. Random
artifact search

Many variants
tried under eval

Weak; eval is
the only signal

Eval-gated CI,
no failure-to-
coordinate
tracing

Overfitting to
in-distribution
patch

3.
Artifact-layer
descent

Residual →
coordinate →
delta

Explicit per
failure mode

Evidence-
radius-bounded;
reversible

(the discipline
this paper
formalises)

A patchwork loop becomes artifact-layer descent once five pieces are in place: a measurable73
patch loss, captured residuals, a failure traced back to the scaffold coordinate that caused74
it, a synthesised candidate edit, and a gate that checks whether the edit actually lowers loss75
before it is kept or promoted. The survey of §5 asks which deployed systems have closed76
which of those five steps; §6 names the one closure no public system has yet reached.77

3. Artifact-layer descent78

The disciplined version of scaffold maintenance is one loop, run again and again over the life79
of a deployment. It does not react to single failures; it works from their accumulated record.80
As the deployment runs, it logs what went wrong — failed outputs, user corrections, rejected81
answers, eval regressions, tool-call errors. Reflecting over that record, the loop clusters the82
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failures into recurring failure modes and takes up the ones that matter most: a mode earns83
attention in proportion to how often it recurs and how badly it fails — repeatability times84
severity, which is exactly its contribution to the deployment’s failure rate. For such a mode it85
locates the single scaffold coordinate responsible — a stale memory entry, an under-specified86
instruction, a missing tool argument, a brittle retrieval rule, a misrouted agent edge — and87
synthesises one candidate edit to it. It measures whether the edit lowers patch loss (the88
deployment’s failure rate on its own recurring tasks), lets a gate accept or reject it on that89
measurement, keeps an accepted edit, and prunes or rolls back one that a later check shows90
made things worse. Then it takes the step most systems skip: it decides how far the edit91
should travel, promoting it to other deployments only as far as its evidence reaches — the92
edit’s evidence radius.93

Most current production does not close this loop. A failure happens, someone adds a rule94
or memory entry, the artifact pile grows, nobody knows what caused improvement or when95
to prune, and fixes leak into broader contexts. That is patchwork, not descent. The loop96
has two distinct knobs. Loop 1 is the local fix on one deployment’s scaffold. Loop 2 is the97
separate decision of whether that fix should be shared more widely; it does not change the98
step size but the target — which average failure rate the scaffold is being tuned against —99
and the gate gets stricter as the radius widens, because an edit that lowers a narrow average100
can raise a broad one. This is why governance is not administrative overhead: it is the101
regularization system that keeps a small fix from being aimed at the wrong target.102

Write the patch loss as LD(θs) = Ex∼D[ℓ(π(θM, θs, x))], with the frontier weights θM fixed103
and the scaffold θs — a structured object over the six substrate coordinates — the thing104
being fit. A failure yields no analytic gradient, only a candidate edit zt proposed in order105
of the recurrence-times-severity of the mode it addresses; the gate accepts it when its noisy106
estimate of the directional loss change clears a margin,107

Gt(zt) = 1 ⇐⇒ ∆̂zt LD(θ
t
s) + λ Ω(zt) ≤ −τt,

where Ω ≥ 0 penalises edit complexity and promotion breadth and τt ≥ 0 is the required108
margin. Production systems implement this without writing the equation: an eval blocks109
a merge on regression, a reviewer rejects a vague rule, a governance system holds a local110
artifact back until evidence accumulates. The descent reading is mechanism when the five111
conditions above hold and analogy otherwise; Appendix A states the assumptions, a one-step112
descent inequality, and a convergence proposition to a gate-stable scaffold.113

Recent work operationalises all five conditions. SkillOpt (Yang et al. 2026) treats a single114
markdown skill document as the trainable external state of a frozen agent and edits it with115
explicit deep-learning-style controls — rollout and reflection batches, add/delete/replace116
edits, a bounded textual learning rate with cosine decay, a held-out selection gate, and a117
rejected-edit buffer kept as negative feedback — and is best or tied-best on all 52 evaluated118
(model, benchmark, harness) cells, beating the strongest per-cell baseline by +5.4 points on119
average and reporting positive cross-model, cross-harness, and cross-benchmark transfer that120
reads as an empirical evidence-radius measurement rather than a governance mechanism.121
SkillOpt is one instance in a fast-crystallising space: reflective prompt evolution (GEPA,122
Agrawal et al. 2025), reflective context learning (Vassilyev et al. 2026), harness optimisation123
(Lee et al. 2026; Lin et al. 2026; Cai et al. 2026), and lifecycle hygiene (X. Zhang et al.124
2026) each instantiate a different subset of the loop, which confirms the architecture is real125
rather than any one group’s local optimum.126

4. Six scaffold substrates127

A patch-local scaffold composes six substrates. They are the coordinates of θs, each inde-128
pendently editable.129
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Substrate What persists Score-5 mark
S1. Instructions Project/team/org rules

attached to a workspace
Versioned, two-loop,
Auto-gated promotion

S2. Skills Procedural artifacts
(code/text) loaded on
demand

Skill bank self-modifies on
failure, unit-test gated,
promoted

S3. Memory Cross-session experience
(episodic / semantic /
procedural)

Provenance + versioning +
correction pathways

S4. Tools Vetted action surface +
context schemas

Domain-curated bundle is
the product; eval-gated tool
versions

S5. Orchestration Multi-role graph + routing Population/policy updates
from outer-loop signal

S6. Governance Versioning, promotion,
audit, rollback

dev→staging→prod with
eval thresholds + audit log
+ rollback

The 0–5 rubric is uniform: 0 ephemeral; 1 persistent local; 2 persistent with tool attach-130
ment but no feedback; 3 multi-scope or feedback without automated promotion; 4 automated131
feedback updates the scaffold (one loop closed); 5 two-loop versioned promotion with gover-132
nance (both loops closed). The descent argument is invariant to the exact partition so long133
as coordinates remain independently editable.134

5. Survey and findings135

The survey covers roughly 130 LLM systems published or productionised between January136
2023 and May 2026, assembled by searching public discourse for systems described as “self-137
improving,” “scaffolded,” or “agentic,” then filtering by whether the system wraps a foun-138
dation model with at least one persistent artifact updated from deployment signal. About139
90 satisfy this patch-local discriminator (score ≥ 3 on at least one substrate) and form the140
core corpus; roughly 38 carry the name but fail it and are kept as a contrast corpus so the141
boundary is auditable rather than rhetorical. Each system carries one or more evidence142
tiers, from peer-reviewed publication (T1) down to industry-blog documentation (T5); pro-143
duction claims are not pooled with peer-reviewed evidence when computing cluster-level144
statistics. A stricter composite-two-loop audit — Loop 1 modifies a persisted artifact from145
session signal and Loop 2 has an explicit gated cross-context promotion mechanism — is146
passed by thirteen research systems; the count moves under two natural relaxations of the147
criterion, but the qualitative findings below survive both.148

Substrate n Mean
Score-5
systems

Survey
finding

S1.
Instructions

12 2.83 (none) Rules persist
across IDEs
and agents,
but none
closes both an
automated
inner loop
and a
governed
two-loop
promotion
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Substrate n Mean
Score-5
systems

Survey
finding

S2. Skills 16 2.62 SAGE,
COSPLAY

Research
frontier active
(failure-
triggered skill
update);
production
governance
weaker

S3. Memory 19 3.16 Cuadros et al. Cross-session
memory is
widespread;
correctable,
versioned
memory is
rare

S4. Tools 19 3.63 MCP, Harvey,
Hippocratic

Most mature
production
substrate;
tool bundles
are the
commercial
unit

S5.
Orchestration

19 2.68 (none) Topologies
exist;
topology
evolution
under a gate
is rare

S6.
Governance

21 3.05 Braintrust,
Vellum,
LangSmith

Mature
prompts-as-
code:
eval-gated
merge, fast
rollback,
typically
without an
inner loop

INTEGRATED 34 3.74 NanoResearch,
AutoAgent,
SkillRL

The
high-water
mark, but
dominated by
research
systems
lacking
enterprise
governance

Two things stand out. The field has independently converged on the six substrates — every149
mature system has a recognisable instance of each, under different names — yet no system150
matures all six at once: research systems learn fast and lack enterprise governance, pro-151
duction systems govern well and learn slowly, and open standards solve artifact portability152
but not adaptation. The maturity gradient is not a quirk of the corpus; it tracks which153
constraints each kind of system was built to satisfy.154
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Four archetypal clusters recur (Appendix B). Research full-auto systems (NanoResearch,155
SkillOpt, AlphaEvolve, DGM, Voyager) automate both loops under algorithmic gates and156
uniformly lack enterprise governance. Production hybrid systems (SkillForge, CASCADE,157
Sierra, Devin) pair an algorithmic Loop-1 gate with a reviewer-judgment Loop-2 gate — the158
production-viable cell. Governance-first systems (Braintrust, Vellum, LangSmith Hub) au-159
tomate Loop 2 alone via eval-gated CI, with no failure-triggered inner loop. Open standards160
(AGENTS.md, MCP, Claude Skills, Cursor Rules) converge across vendors on artifact for-161
mat and tool attachment; AGENTS.md alone spans 60{,}000+ repositories with measured162
efficiency gains (Lulla et al. 2026). Indexed by gate type on each loop, the composite sys-163
tems populate only three cells of a 3 × 3 matrix — [Auto × Auto], [Auto × Human], and164
[None × Auto] — leaving the human-authored-inner-loop cells empty for structural reasons.165

6. The missing architecture: governed cross-tenant scaffold optimization166

Four properties define an architecture that no surveyed system fully instantiates: (a) Auto-167
gated Loop 1, an algorithmic commit criterion; (b) multi-tenant cross-org promotion, Loop168
2 routing artifacts between organisations; (c) versioned lineage with RBAC; and (d) rollback169
of a bad promotion without redeploy. The closest approaches partition the requirements.170
AlphaEvolve has (a) and partial (b) within one organisation; SkillForge has (a) and (b)171
inside one enterprise with partial (c); SkillOpt has (a) and partial (c), and reports transfer172
as evidence-radius measurement but implements neither (b) nor (d); CORAL (Qu et al.173
2026) is the only asynchronous multi-agent Loop 2 in the corpus, within one system; PACE174
(Ling et al. 2026) shows the two-timescale architecture under small-frozen-model constraints;175
the governance-first cluster has (c) and (d) but neither (a) nor (b). No surveyed system176
combines all four, and the cross-organisational triad (b, c, d) is itself unfilled under any gate177
type. Naming the corner converts a vague gap into a four-property audit criterion any future178
system can be measured against. Whether it should be filled is deployment-dependent —179
in safety-critical domains a reviewer-judgment gate may be a design feature rather than a180
defect — but no public system fills it today, and that is what matters for the next two years181
of architecture work.182

7. A new failure surface183

Patchwork scaffold maintenance introduces failure modes weight-only systems do not have.184
Each one is also a missing piece of the optimizer. Scaffold bloat is the dominant near-term185
risk: instruction-following degrades and latency grows sharply as instruction count scales186
(Jaroslawicz et al. 2025; Liu et al. 2023), and bloat is also a signal-quality problem —187
LLM-authored skills have been reported at +0.0 pp over a no-skill baseline against +16.2188
pp for human-curated ones, a gap (X. Zhang et al. 2026) attributes to lifecycle management189
— so complexity penalties and explicit pruning must be first-class. Poisoned memory is the190
dominant security risk: because memory is persistent and read back into later prompts, one191
malicious entry can be retrieved and acted on long after the attack (Zou et al. 2024; Z.192
Xu et al. 2026), which calls for provenance, write-gating, and a rollback envelope. Prompt193
injection via tools and MCP makes a tool’s output a cross-vendor attack surface, so tool194
bindings belong in the same promotion gate as any other coordinate. Coordination failures195
in multi-agent topologies (Cemri et al. 2025) make orchestration a coordinate subject to the196
same discipline. Patch overfitting is structural — a scaffold tuned to a deployment over-fits197
it, every time — and is contained only by evidence-radius discipline at promotion. Plasticity198
loss at the scaffold level (context rot, instruction conflict, memory pollution, tool-version199
drift) makes expiry and rollback first-class operations rather than retrospective hygiene.200

Eval fragility is the dominant ecosystem risk, and it compounds because the eval suite is201
itself a patch-local artifact rather than a fixed instrument. It is optimised against: once202
a metric becomes the target it is gamed, and access asymmetries alone can produce up203
to 112% relative gains that reflect exposure to the test rather than capability (Singh et204
al. 2025). It is read non-independently: the gate scores path-dependent, non-i.i.d. agent205
trajectories, so its readings do not compose like ordinary test-set statistics, and evaluating206
an optimizer only by its downstream gains cannot distinguish informed Loop-1 updates207
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from trial-and-error (Ong et al. 2026). It goes stale: because the suite adapts on the same208
cadence as the scaffold it gates, a reading taken before an edit ages as the patch’s own209
failure distribution moves under it. And because failures concentrate in a finite catalogue210
of recurring modes rather than spreading uniformly, a suite that samples tasks at random211
under-weights exactly the families that drive the failure rate — the gate is only as good212
as its coverage of those modes. The architectural response is held-out evals scoped within213
evidence radius, weighted toward the recurring modes, re-read as the construct drifts, and214
checked against an update’s attribution rather than only its score.215

The failure surface is real, quantified by 2024–2026 work, and largely unmitigated in pro-216
duction. Every entry on it names a piece of the optimizer that current systems do not yet217
have.218

8. Conclusion219

The field has built an external adaptation layer for LLMs, but not the optimizer that220
should govern it. If reliability is increasingly repaired through persistent scaffold artifacts,221
then production AI needs a theory and an engineering discipline for the discrete, gated,222
auditable learning that happens there — not just for the differentiable learning inside the223
model. This paper is one step toward that discipline: a survey of where production sits on224
the patchwork → random-search → descent gradient, a formalisation of the Stage-3 limit225
under stated assumptions, and a named missing architecture where the optimizer most226
plainly does not yet exist.227

The frontier model generalises; the local scaffold specialises; reliability comes from governing228
that specialisation. The most consequential open architecture problem combines automated229
local evolution with auditable cross-tenant aggregation: Auto-gated Loop 1 plus governed230
multi-tenant Loop 2, with versioned lineage, RBAC, and rollback. A closely related problem231
rides alongside it. The instruments that validate these edits are themselves part of the232
moving, clustered scaffold, so the same evidence-radius and lifecycle discipline the optimizer233
needs has to extend to the gates that judge it — held-out, family-aware, and recalibrated as234
the target moves. Turning today’s patchwork into tomorrow’s optimizer depends on both.235
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Appendix A. Formalization of artifact-layer descent403

This appendix supplies the verification machinery for §3: the setup, a one-step descent404
inequality under a noisy estimator, a convergence proposition with its assumptions, and the405
optimisation-analogy correspondence.406

Setup. Let the frontier model have fixed parameters θM and let the scaffold be a structured407
object θs ∈ Θs = Θ1 × · · · × Θ6 over the six substrate coordinates; Θs is discrete, symbolic,408
and versioned. For a deployment patch D, LD(θs) = Ex∼D[ℓ(π(θM, θs, x))]. A candidate409

edit zt ∼ Qt(z | Ht, θt
s) is drawn from a proposal process conditioned on the accumulated410

failure history Ht. Qt is not uniform: for a mode m that recurs with frequency fm and carries411
per-occurrence loss sm, its expected contribution is fmsm — repeatability times severity —412
so high-frequency or high-severity modes are proposed first. The finite directional difference413

is ∆zLD(θs) = LD(θs ⊕ z)− LD(θs); the gate sees only a noisy estimate ∆̂zLD.414

Descent inequality. Assume (A1) positive descent bias on accepted edits — E[∆̂zt LD |415
Gt=1] ≤ −γt − τt for some γt > 0 — and (A2) bounded estimator bias — |E[∆zt LD −416

∆̂zt LD | Gt=1]| ≤ εt. With pt = Pr(Gt=1 | θt
s) and the gated update of §3,417

E[LD(θ
t+1
s ) | θt

s] ≤ LD(θ
t
s)− pt(γt + τt) + ptεt.
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Per-step expected improvement is the gate’s margin minus its estimator bias, weighted by418
acceptance probability.419

Convergence (informal). Add (A3) proposal coverage (at every non-gate-stable scaffold, Qt420
places probability ≥ q > 0 on an admissible edit with E[∆zLD] ≤ −δ), (A4) effective421
compactness of the reachable orbit, and (A5) persistent acceptance with summable bias422

(∑t pt(γt + τt) = ∞, ∑t ptεt < ∞), with 0 ≤ LD ≤ B. Then LD(θ
t
s) is a non-negative423

supermartingale up to summable noise, converges almost surely, and the limit set is gate-424
stable: no admissible edit clears the gate with negative expected directional loss in the425
limit. This is convergence of the loss and stability of the gate decision, not convergence426
to a global optimum — a globally suboptimal gate-stable scaffold is consistent with the427
result, exactly as for local stochastic optimization under noisy estimators. In non-stationary428
patches (D = Dt) the same mechanism tracks a moving optimum rather than converging429
once, which is why recency weighting, pruning, expiry, and rollback are the scaffold-level430
analogues of continual-learning machinery rather than optional hygiene.431

Optimization concept Scaffold analogue
Parameter vector Instructions, skills, memories, tools, routing

graphs, eval gates, governance rules
Loss Failure, user correction, eval regression,

retrieval miss, tool error, schema violation
Gradient estimate Credit assignment identifying the

coordinate responsible for a failure
SGD step Accepted scaffold edit
Learning rate Edit magnitude under ⊕
Update radius Promotion scope: which loss is descended

on (USER, PROJECT, STACK, TENANT,
CORE)

Validation loss Held-out patch eval before merge
Regularization Complexity penalty Ω(z), bloat control,

cross-patch regression checks
Overfitting Scaffold improves on this patch and

degrades elsewhere
Rollback Reverting a harmful accepted update

Credit assignment here is attribution, not backpropagation: the descent argument needs432
only that a failure is traced to the responsible coordinate with non-zero probability, not433
that the trace is computed by chain rule.434

Appendix B. Survey detail435

A representative spot-check of the corpus appears below, covering all six substrates, both436
research and production, and all four clusters. PP is the integrated patch-local-adaptation437
score (0–5); Evidence abbreviates the strongest source tier. The full corpus, the contrast438
set, the gate-family mapping, and the per-system SkillOpt walkthrough are deferred to an439
extended version.440

System Year Substrate Loop 1 Loop 2 PP Evidence
NanoResearch 2026 Integrated Auto Auto 5 T2
SkillOpt 2026 Integrated

(S2-led)
Auto Auto 5 T2

SkillRL 2026 Integrated Auto Auto 5 T2
AlphaEvolve 2025 Integrated Auto Auto 4 T2/T3
DGM 2025 Integrated Auto Auto 4 T2
SkillForge 2026 Integrated Auto Human 4 T2
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System Year Substrate Loop 1 Loop 2 PP Evidence
CASCADE 2025 Integrated Auto Human 4.5 T2
PACE 2026 Integrated

(small-
model)

Auto Auto 4 T2

CORAL 2026 Integrated
(S5+S3
async)

Auto Auto 4 T2

Meta-
Harness

2026 S5
Orches-
tration

Auto n/a 4 T2

Voyager 2023 Integrated Auto Auto 4 T2
Claude
Code
CLAUDE.md

2025 S1
Instruc-
tions

n/a n/a 4 T3/T4

Cuadros
et
al. mem-
ory

2026 S3
Memory

Auto Auto 5 T2

MCP 2024 S4 Tools n/a n/a 5 T3
Braintrust 2024 S6 Gover-

nance
n/a Auto 5 T3

Self-
Refine*

2023 (contrast) n/a n/a 1 T2

Mem0* 2024 (contrast) n/a n/a 2 T3/T4

Asterisks mark contrast systems that fail the patch-local discriminator, included for defini-441
tional clarity.442

The composite-two-loop systems sit in a 3 × 3 matrix indexed by gate type on each loop.443
[Auto × Auto] holds the research full-auto systems with machine-evaluated criteria on both444
loops. [Auto × Human] is the production-viable cell: Loop 1 fires at machine speed, Loop445
2 requires human approval before propagation. [None × Auto] holds the governance-first446
prompts-as-code systems with eval-gated CI but no failure-triggered candidate generation.447
[Human × Auto] is empty by engineering logic (manual authorship offers little leverage for448
automated promotion); [Human × Human] was empty in the surveyed window; [Human ×449
None] collapses to “engineer edits a config” and is not patch-local in the sense of §3. The450
empty cross-tenant governed-optimization corner of §6 is the gap, not any of these.451
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