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Abstract
Previous work introduced Multi-Round Audit Convergence (MRAC), which evaluates
whether a system can stably handle a current task by tracking how issues change across
repeated “audit–remediation–re-audit” cycles on the same engineering object. Another
study explained uncertainty in AI delivery through the relationship among Search Space
(S), Coverage Ability (C), and Delivery Reliability (R). Building on these two lines of prior
work, this paper examines what kinds of coverage judgments can be supported by MRAC
non-convergence and convergence, respectively, and organizes them into a progressive
L1–L5 research agenda.
Based on explicit operational definitions and applicability conditions, this paper argues
that, when task and audit conditions remain stable, identified issues are valid, remedi-
ations are continuously subjected to re-audit, and resource boundaries are specified in
advance, persistent MRAC non-convergence can serve as a conditional diagnosis that the
current AI development system as a whole cannot yet reliably cover the task search space.
For L2, when remediation results can be preserved and drift is controlled, convergence in-
dicates that exposed failure paths have been more thoroughly handled and validated, and
provides positive evidence that local coverage under the current audit configuration is ap-
proaching saturation. The representativeness of this evidence for the full delivery-relevant
search space, and the strength of any extrapolation from it, still require empirical valida-
tion. On this basis, L3 studies whether recursive decomposition can restore convergence
for non-convergent tasks, L4 examines whether complete engineering workflows can ad-
vance autonomously over extended periods, and L5 tests whether similar mechanisms can
extend to intelligent tasks beyond engineering.
Keywords: Multi-Round Audit Convergence; MRAC; SCR meta-relation; search space; cov-
erage ability; delivery reliability; recursive decomposition and validation; engineering
AGI; AI engineering
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1. Introduction
Current AI systems can already generate large volumes of engineering output that appear
highly complete, but a fundamental distinction remains between “being able to generate”
and “being able to confirm that a result is ready for delivery.” A successful execution, a
passing test, or a single audit round that finds no issues only indicates that no further fail-
ure has been exposed along the current observation path. It does not establish that the
key delivery-relevant conditions and failure paths have been sufficiently covered. In long-
running complex projects, the resulting risks accumulate over time: local omissions affect
not only the current delivery but can also become embedded in the codebase, dependen-
cies, interfaces, and project state, thereby expanding the search space that future tasks
must handle.
Iterative feedback and correction are not unique to MRAC. Self-Refine repeatedly revises
outputs through model-generated self-feedback, while Reflexion stores linguistic feedback
as episodic memory to improve subsequent decisions [3–4]. Without external feedback,
however, self-correction by models may be ineffective and can even reduce reasoning per-
formance [5]; the performance of software-engineering agents can also be significantly
affected by tool-interface design [6]. These studies primarily evaluate task performance,
whereas MRAC asks a different question: whether multi-round issue trajectories can re-
flect the coverage relationship between a system and a task. Accordingly, this paper does
not treat “multiple calls” themselves as reliable evidence, but instead analyzes the model,
agent, tools, environment, audit process, and resource budget as a combined system.
An auditor likewise cannot be assumed to be an unbiased verifier. Research on LLM-
as-a-judge has documented issues including position bias, verbosity preference, and self-
enhancement bias [7]. Calboreanu’s case study of prompt specifications recorded non-
monotonic defect convergence across nine audit rounds and included limited cross-model
replication [8], providing relevant but indirect evidence that iterative audit trajectories can
be empirically informative. That study, however, focused on quality assurance in prompt
engineering. It did not formulate a conditional proposition linking non-convergence to in-
sufficient reliable coverage, nor did it further address task decomposition or autonomous
progression across the full engineering process.
This paper directly builds on prior work on MRAC and SCR. MRAC continuously audits,
remediates, and re-audits an engineering object, observes whether newly identified valid
issues decrease overall, and proposes the control logic of “proceed upon convergence; re-
turn to task decomposition upon non-convergence” [2]. The SCR meta-relation explains AI
delivery outcomes in terms of the match among search space, coverage ability, and deliv-
ery reliability [1]. On this basis, the paper addresses three questions:

1. Under what conditions can MRAC non-convergence support the diagnosis that the
current system cannot yet reliably cover the task search space?

2. To what extent can MRAC convergence support judgments of improved coverage and
local coverage approaching saturation, and which extrapolations still require empir-
ical validation?

3. Starting from these two theoretical foundations, how should the MRAC research pro-
gram toward reliable delivery, engineering AGI, and broader AGI be progressively
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organized?
These questions are organized into L1–L5. The “levels” here are neither a system-maturity
score nor five conclusions claimed to be simultaneously established. Rather, they progress
from conditional theoretical propositions to empirical validation, engineering mecha-
nisms, a hypothesis of autonomous progression across the full engineering process, and a
cross-domain research agenda.

2. Theoretical Premises and Unit of Analysis
2.1 Two Premises
Premise 1: MRAC is a second-order observation of the coverage process.
A single audit round produces only a first-order result: “what was found in this round.”
Multiple audit rounds additionally reveal how newly identified issues change over time,
whether remediations persist, whether severe issues continue to appear, and whether a
stable state can be reproduced. This paper refers to such trajectory-based observation as
a second-order observation. The object observed by MRAC is not the output of any single
round, but the full audit–remediation sequence.
Premise 2: Reliable delivery depends on the match between search space and cov-
erage ability.
Neither the task search space nor system coverage ability is a fixed scalar independent of
the task. Task boundaries, engineering state, validation conditions, models, agents, tools,
context organization, audit protocols, and resource budgets jointly determine whether the
search space and coverage ability are matched. This paper does not require S, C, and R to
be scalar quantities. It relies only on a directional premise: all else being equal, insufficient
effective coverage of the delivery-relevant search space constrains the delivery reliability
that can be achieved. Search-space governance changes task boundaries and the engineer-
ing environment so that a task can re-enter a range that the current system can handle
stably with its existing coverage ability.
Describing problem solving in terms of search has a classical foundation in artificial in-
telligence [9]. However, the task search space in SCR is not equivalent to an enumerable
classical state space; it is an analytical construct defined with respect to a specific deliv-
ery and jointly shaped by engineering state and governance methods. Likewise, delivery
reliability in this paper is a system–task-level delivery judgment and does not replace es-
tablished taxonomies of faults, errors, failures, and dependability attributes in software
dependability research [11].

2.2 Unit of Analysis: Complete System and Task Session
The “system” discussed in this paper is not a single model invocation. It is the complete AI
development system composed of:

• the foundation model and its reasoning settings;
• agents, retrieval, editing, and execution tools;
• context loading, the code repository, and the runtime environment;
• audit protocols, issue-severity classification, and remediation procedures;
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• tests, runtime feedback, and other forms of external validation;
• state persistence, task decomposition, dependency management, merging, and roll-
back mechanisms;

• the allowed time, token, compute, and invocation budgets.
The unit of analysis is a task session: from the point at which the system receives a rela-
tively stable task intent to the point at which delivery is completed, the task is terminated,
or the task is decomposed again. L1 evaluates the matching state of the “current system–
current task–current resource boundary,” rather than the absolute capability of the foun-
dation model outside its environment.

3. MRAC L1: Non-Convergence and Insufficient Reliable Cover-
age
3.1 Definitions Required for L1
To avoid circularly defining coverage status through audit results, L1 distinguishes four
concepts.
Definition 1: Delivery-relevant substantive issue.
An issue is a delivery-relevant substantive issue if it affects key requirements, task bound-
aries, implementation validity, structural integrity, relevant state, regression risk, or the
adequacy of validation, and may prevent the result from being trusted as a completed de-
livery. Wording preferences, formatting differences with no delivery impact, duplicate
reports, and issues already shown to be invalid are excluded.
Definition 2: Reliable coverage.
Given a task, system conditions, a risk threshold, and a resource budget, the current task
search space is considered to lie within the system’s reliably coverable range if the com-
plete AI development system can stably identify the key conditions on which delivery de-
pends, distinguish among important candidate paths, exclude decisive errors, resolve iden-
tified issues, and produce validation evidence commensurate with the risk. Reliable cov-
erage does not require enumeration of every possibility. It does, however, require the
system to stably handle the delivery-determining portion of the space through abstraction,
elimination, feedback, and validation, rather than relying on a single accidental success.
Definition 3: Valid MRAC sequence.
An MRAC sequence may be used for an L1 judgment only if the following conditions hold:

1. Task goals, non-goals, core constraints, acceptance boundaries, and risk thresholds
remain stable during the observation period.

2. The audit scope and core protocol remain comparable, and protocol extensions are
recorded separately.

3. Each audit round is fully executed; rounds affected by tool failure, missing context,
or abnormal interruption are excluded.

4. Newly identified issues are checked for validity and deduplicated, and are confirmed
to be substantive issues in the current task.

5. Confirmed issues are remediated, revalidated, and included again in a full-scope au-
dit. Merely modifying surface symptoms, deleting audit evidence, or narrowing the
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scope does not count as valid remediation.
6. Changes in models, tools, context, and resource conditions are recorded sufficiently

to determine the system boundary to which the current judgment applies.
Definition 4: Persistent non-convergence.
Within a pre-specified number of valid rounds, resource budget, or observation window,
an MRAC sequence is persistently non-convergent if new medium- or high-severity issues,
structural issues, or new issue categories continue to appear and the issue trajectory does
not enter a stable region consistent with the risk threshold; or if remediated issues con-
tinue to recur, remediation-induced changes continue to generate new substantive issues,
and the system cannot maintain a stable result. A task meeting any of these conditions is
considered persistently non-convergent under the current conditions.
The requirement that the boundary be pre-specified is important. The number of rounds
cannot be changed arbitrarily after observing the result, nor can an accidental clean
round be selectively interpreted as convergence, or an unfinished long sequence as
non-convergence.

3.2 The L1 Proposition
L1: Non-Convergence Diagnostic Proposition.

For a task satisfying the conditions of a valid MRAC sequence, if it remains persistently
non-convergent within the current system and resource boundaries, then the current
system’s coverage ability is insufficient to reliably cover the task search space.

The phrase “cannot reliably cover” is conditional. It refers only to the combination of the
current task boundary, engineering environment, model, agent, tools, context, audit and
remediation protocols, and resource budget. It does not imply that the task is unsolvable in
principle, nor that the samemodel would remain unable to solve it after system conditions
change.

3.3 Argument
Given the definitions and premises above, the conditional diagnostic relationship in L1 can
be shown by contradiction. Assume that a task satisfying the conditions of a valid MRAC se-
quence remains persistently non-convergent, while also assuming that the current system
can reliably cover its search space within the specified resource boundary. By the defini-
tion of reliable coverage, the system should be able, within budget, to identify key condi-
tions, exclude decisive errors, resolve identified issues, and complete validation, thereby
compressing delivery-threatening uncertainty to within the risk threshold.
A valid MRAC sequence keeps task intent and audit scope stable and counts only genuine
new issues that are relevant to delivery. If the system possesses the coverage ability
described above, and if the valid MRAC sequence can continue to observe this coverage
process, then as issues are identified and remediated and incorrect paths are eliminated,
the audit trajectory should enter a stable region consistent with the risk threshold within
the budget. The trajectory need not decrease monotonically andmay expose deeper issues
along the way. However, after the pre-specified boundary is reached, the trajectory should
not continue to exhibit new medium- or high-severity or structural issues, nor should
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previously resolved issues continue to recur.
Persistent non-convergence therefore indicates that at least one part of the coverage
process has not reached stable completion: key conditions remain unidentified, important
failure paths continue to escape detection, remediation results cannot be preserved,
remediation repeatedly introduces new delivery risks, validation remains insufficient to
support a stable judgment, or the required resources exceed the budget. This contradicts
the assumption that the current system can reliably cover the task search space. Therefore,
when the stated definitions and premises hold, persistent non-convergence can be used
as a conditional diagnostic signal that the current system–task combination has not yet
entered a reliably coverable region. The validity of L1 depends on these operational
definitions and on the conditions of a valid MRAC sequence.

3.4 Theoretical Significance and Boundaries
Reliable coverage is independently defined by the system–task relationship above, while
MRAC non-convergence is an observable process state. L1 does not directly define cover-
age status using audit results. Instead, it connects an indirectly observable system–task
matching relationship to a recordable audit–remediation trajectory. An engineering sys-
tem therefore does not need to possess a complete correct answer to the task in advance,
nor does it need to fully quantify the search space, in order to identify its current coverage
boundary through non-convergence.
Non-convergence may arise from task scale and boundaries, engineering state, models
and agents, context, auditors, remediation processes, validation conditions, or resource
budgets. L1 does not distinguish among these specific causes. It only determines that the
current Coverage Ability (C) and Search Space (S) are not yet reliably matched, thereby
triggering two classes of intervention: increasing coverage ability or governing the search
space. What kinds of coverage judgments convergence can support, and the boundaries of
extrapolation from those judgments, are addressed further in L2.

4. Preliminary Engineering Mapping of L1
The prior MRAC paper reported two internal software-engineering cases [2]. This paper
does not repeat the full cases, but examines how their trajectoriesmap to the L1 conditions.

Case Key Trajectory L1-Relevant Observation

A5PR1 Spec P1 and P2 issues continued to
appear from R2 through R14;
R3 had one round with no new
issues, but high-severity issues
reappeared afterward

A single clean round did not
establish stable coverage; the
original task was stopped and
further decomposed
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Case Key Trajectory L1-Relevant Observation

B2PR-01 Spec and PR The Spec was temporarily
clean at R3; P1 appeared again
at R6; after remediation, R7
and R8 were consecutively
clean. After PR remediation,
multiple consecutive rounds
found no new issues

Accidental clean rounds must
be distinguished from a
reproducible stable region

The A5PR1 case shows that a single clean round cannot overturn a later trajectory of persis-
tent non-convergence, nor is it sufficient to justify proceeding with the task. The B2PR-01
case indicates that a reproducible stable region provides more coverage evidence than a
single-round result. Whether such evidence represents the full delivery-relevant search
space, however, still requires independent validation and long-term outcome testing.
Future public experiments should hold the task baseline and audit conditions constant and
retain original audit, remediation, deduplication, severity, and drift records, so as to test
whether finite trajectories can be used consistently for L1 judgments.

5. The Progressive MRAC L1–L5 Structure
5.1 Overall Stratification

Level Core Proposition Nature of Proposition
Main Validation
Requirement

L1 Non-Convergence
Diagnosis

Persistent
non-convergence
indicates that the
current system cannot
reliably cover the task
search space

Conditional diagnostic
proposition

Establish the
conditional structure;
verify that real
sequences satisfy the
conditions

L2 Convergence and
Coverage

Valid convergence
indicates more
thorough handling and
validation of exposed
failure paths, and
provides positive
evidence that local
coverage under the
current audit
configuration is
approaching
saturation

Improvement in
handling and
validating exposed
paths is directly
supported by the
process; local
saturation and the
scope of extrapolation
require empirical
validation

Determine the
coverage range of
different audit
configurations,
common blind spots,
drift risk,
delivery-reliability
extrapolation, and
audit ROI
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Level Core Proposition Nature of Proposition
Main Validation
Requirement

L3 Decomposition
Recovery

Study whether
non-convergent
engineering tasks can
regain convergence
through search-space
governance and
recursive
decomposition,
thereby improving
delivery reliability

Experimentally
testable engineering
mechanism

Paired cases,
controlled
experiments,
independent delivery
outcomes, and
composition validation

L4 Autonomous
Engineering
Progression

Common engineering
activities can jointly be
transformed into a
task graph that is
auditable, remediable,
decomposable, and
composable

Core engineering-AGI
hypothesis

Validate long-term
autonomous
progression of
complete projects and
its necessary
conditions

L5 Cross-Domain
Extension

MRAC-like recursive
validation and
governance
mechanisms can
extend to important
intelligent tasks
beyond engineering

Long-term AGI
research agenda

Cross-domain
validation of whether
tasks can form explicit
intermediate results,
undergo audit and
remediation, and
continue to be
decomposed

Each level has independent validation requirements. The establishment of a lower level
does not automatically imply the establishment of higher levels.

6. L2: Convergence, Current Audit Coverage Range, and Empir-
ical Validation
6.1 The L2 Proposition
L2: Convergence Coverage Judgment.

When task intent and the audit object remain stable, audits are effectively executed,
identified issues are resolved, remediation results are preserved, and audit/remediation
drift is controlled, MRAC convergence indicates that exposed failure paths have been
handled and validated more thoroughly, and provides positive evidence that local
coverage under the current audit configuration is approaching saturation. The extent
to which this evidence represents the full delivery-relevant search space, and the
strength of the delivery-reliability judgments it can support, must be continually
validated against empirical evidence.

Here, the current audit coverage range refers to the delivery-relevant conditions and
failure paths that a given configuration—under a specified model, agent, tools, context,
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audit direction, audit prompt, validation method, and resource budget—can consistently
access, distinguish, and validate across repeated and valid executions. It is only the por-
tion of the full delivery-relevant search space that the current configuration may cover. It
cannot be directly observed from a single convergent sequence and can only be estimated
through repeated experiments, audits with different configurations, and evidence of later
omissions.

6.2 What Theory Can Support and What Requires Empirical Extrapolation
By repeatedly discovering and resolving issues, MRAC continues to probe for failure paths
that have not yet been exposed. If remediations pass validation and are not invalidated by
subsequent modifications or drift, each valid cycle more thoroughly handles and validates
the failure paths that have already been exposed. A convergent sequence can therefore
directly support one relatively strong conclusion and provide positive evidence for another
judgment.
First, exposed paths have been handled and validated more thoroughly. Compared
with the initial object and intermediate non-convergent states, the system has identified,
excluded, or validated a larger set of exposed delivery-relevant failure paths. This conclu-
sion follows from the audit–remediation process itself and does not depend on observing
successful delivery after the fact.
Second, convergence provides positive evidence that local coverage is approaching
saturation. Under a pre-specified protocol, number of valid rounds, and risk threshold,
if new substantive issues gradually decrease and then stably cease to appear, the current
configuration finds it increasingly difficult, within that sequence, to expose additional ma-
jor failure paths. This can serve as positive evidence that local coverage is approaching
saturation. However, a finite convergent trajectory alone cannot strictly establish that the
potentially discoverable paths are nearly exhausted. The strength of the evidence depends
on the number of audit rounds, search diversity, configuration differences, and historical
omission rates. Nor does this imply that the full delivery-relevant search space has been
sufficiently covered or that the result must be correct.

6.3 Common Blind Spots and Coverage Expansion
Multi-round audits may share common blind spots. Even when the system converges
within the observable range, it may still miss decisive delivery risks. The appearance
of major omissions after convergence indicates a capability boundary in the current
audit configuration. The more representative the current audit coverage range is of
the full delivery-relevant search space, the stronger the delivery-reliability claims that
convergence can support.
Using different models, audit directions, audit prompts, tools, and forms of external val-
idation in combination can alter search paths and expand coverage. Diversity genuinely
reduces commonblind spots onlywhendifferentmethods can stably expose different types
of issues. Repeated calls using homogeneous models and prompts may increase the num-
ber of roundswithout significantly expanding coverage. Future research should determine
which failure types different configurations can discover, how similar their search paths
are, and how much newly added audit methods reduce post-convergence omissions.
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6.4 Drift, Reliability Extrapolation, and Audit ROI
Audit and remediation drift determine whether a convergent sequence still corresponds
to the same task. If remediation changes the original intent, narrows the acceptance scope,
or breaks already resolved issues through side effects, the system may exhibit apparent
convergence on a modified object. Theoretically, comparability of the task and audit ob-
ject and preservation of remediation results are necessary conditions for L2. Engineering
research must still examine the probability of drift, methods for detecting it, preventive
mechanisms, and their costs.
Empirical research on L2 centers on four categories of questions: the coverage boundaries
of different audit configurations; common blind spots and ways to reduce them; the occur-
rence and control of audit/remediation drift; and the predictive strength of convergence
trajectories for actual delivery reliability. Hidden tests, differentiated independent audits,
real-world operation, and post-delivery defects, rework, and rollbacks can all be used to
validate these relationships.
Audit efficiency is also a core engineering issue. Audit ROI should account simultaneously
for valid issue discovery, risk resolution, and reduction in eventual rework per unit of
token, time, or compute resource. As rounds accumulate, marginal coverage gains may
decline. Decisions about when to continue the original protocol, switch models or audit
directions, stop auditing, or trigger decomposition under L1 need to be continuously opti-
mized against trade-offs among coverage gains, delivery risk, and resource cost.

7. L3: Restoring Convergence Through Recursive Decomposi-
tion
L3: Decomposition-Recovery Hypothesis.

For a class of common engineering tasks that exceed the current reliably coverable
range, adjusting task boundaries, isolating context, governing dependencies, and recur-
sively decomposing the taskmay transform the original task into a set of subtaskswithin
a convergent range. If both the subtasks and the integrated object achieve valid conver-
gence and pass independent validation, overall delivery reliability may improve.

L3 advances L1 fromadiagnosticmechanism to a recoverymechanism. L1 only establishes
that the current combination is mismatched; L3 further investigates whether the search
space can be actively changed so that the task re-enters the coverage range.
Modular decomposition is a classical governance method in software engineering, and de-
composition criteria directly affect informational dependencies among modules and the
cost of later modifications [10]. L3 does not reintroduce the principle of modularity. In-
stead, it adds a dynamic trigger-and-validation mechanism: non-convergence identifies
that the current decomposition boundary has failed, while renewed convergence of sub-
tasks and the integrated object tests whether the new boundary is effective.
A case capable of supporting L3 must contain the complete chain:

Original task does not converge → mismatch boundary is identified → task is
re-decomposed or governed → subtasks converge separately → integrated object
converges again → independent validation shows improved outcomes
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Simply observing that “subtasks are easier to complete after decomposition” is not suffi-
cient. Decompositionmay transfer risk to dependencies, interfaces, or the integration stage.
Even if all subtasks converge separately, the combined project state is not guaranteed to
converge. Integration itself must therefore be treated as a new engineering object. If inte-
gration does not converge, the system should continue locating cross-boundary problems,
adjust the decomposition, or roll back, rather than equating local stability of subtasks with
overall reliability.
L3 can be validated through paired experiments on the same initial task: compare a path
that continues remediationwithin the original boundary against a path that re-decomposes
the task after reaching the non-convergence threshold, and evaluate governance benefits
using final residual defects, integration outcomes, cost, and delivery time. A limited num-
ber of cases with complete, reproducible chains can establish that the mechanism exists
in real engineering practice; its generality requires cumulative evidence across tasks and
projects.

8. L4 and L5: From Autonomous Progression Across the Full
Engineering Process to Cross-Domain Extension
8.1 L4: Autonomous Progression Across the Full Engineering Process
To clarify the scope of this paper, engineering AGI is defined here as the ability of AI,
given only the necessary external goals, authorization, and real-world feedback, to com-
plete complex projects that would otherwise require long-term collaboration by an ordi-
nary human team, without humans carrying out the engineering process. Demonstrating
only that code implementation can be recursively decomposed is insufficient. Complete en-
gineering delivery also includes structuring intent, clarifying requirements, product and
technical decision-making, task planning, implementation validation, integration and re-
lease, and long-term evolution. L4 investigateswhether these activities can jointly be trans-
formed into a task graphwhose components are auditable, remediable, decomposable, and
recomposable.
L4 does not assume that all implementation details are specified in advance. Rather, goals,
constraints, preferences, decision authority, and feedback interfaces must be sufficient for
the system to continue progressing, while temporarily missing informationmust be identi-
fiable and convertible into retrieval, experimentation, clarification, or authorization tasks.
For L4 to hold, five conditions must be satisfied: non-convergent tasks can continue to be
decomposed or restructured; intermediate results and key decisions can be audited; sub-
tasks can be recombined, and integration failures can be routed back into the workflow;
state and evidence can persist across sessions; andmissing intent information can be iden-
tified and explicitly assigned to humans or external systems for resolution.
If these conditions hold across common engineering activities, the system does not need to
cover the entire project at once. It can continue progressing through local coverage, preser-
vation of intermediate state, and composition-level audits. The object of validation for L4
is therefore the complete project: whether the system can autonomously advance a task
graph over long periods while maintaining reliable delivery and continuously reducing
human involvement in process-level activities such as task decomposition, state tracking,
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and local remediation.

8.2 L5: Cross-Domain Extension
L5: Cross-Domain Extension Proposition.

For AI tasks that can be transformed into processes inwhich state persists, intermediate
objects can be audited, remediations can be executed, feedback can be obtained, and re-
cursive decomposition is possible, it is possible to investigatewhetherMRAC-likemecha-
nisms can be established: use non-convergence to identify current coverage boundaries,
use convergence to accumulate positive evidence, and continuously improve task suc-
cess rates through recursive decomposition and validation. If such transformations can
cover a sufficiently broad range of important intelligent activities, the MRAC research
agenda could extend from engineering AGI toward broader AGI.

The key question for L5 is whether tasks outside engineering can likewise produce ex-
plicit and inspectable intermediate results, undergo audit and remediation, continue to
be decomposed and recombined, and obtain effective feedback. Software engineering
is comparatively well suited to these conditions. Research, strategy, creative work, and
real-world action may instead face open-ended goals, delayed feedback, irreversible con-
sequences, and value conflicts. Whether L5 holds depends on whether these domains can
establish state-recording and validation methods that play equivalent functional roles.

9. Empirical Validation of Theoretical Propositions and Falsifi-
ability of Higher-Level Hypotheses
The core empirical task is to determine whether real-world sequences satisfy the applic-
ability conditions of L1 and L2, and the strength of the engineering judgments that finite
trajectories can support. For L1, research must determine when a finite number of rounds
is sufficient to judge “persistent non-convergence.” For L2, empirical relationshipsmust be
established among different audit configurations, convergence trajectories, and coverage
claims. Both successful and failed cases should enter the evidence base so that capability
boundaries can be identified.
L3–L5 make stronger claims about recovery, autonomous progression across the full en-
gineering process, and cross-domain extension. Real-world evidence may weaken these
claims, restrict their scope of applicability, or refute them. If decomposition fails to im-
prove overall delivery, if engineering activities cannot form a complete process of sus-
tained recursive progression, or if important non-engineering tasks cannot obtain the nec-
essary state and feedback structures, the scope of the corresponding higher-level proposi-
tions must be narrowed or the propositions rejected.

10. Future Research and Engineering Directions
Near-term research should prioritize unified methods for trajectory recording and out-
come validation, compare different models, audit directions, audit prompts, tools, and val-
idation methods, and link convergence trajectories to actual delivery outcomes. On this
basis, paired evidence for “non-convergence–decomposition–re-convergence” can be ac-
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cumulated for L3, comparing how different governance methods affect search space, inte-
gration risk, cost, and delivery time.
Themedium-term goal is to build a prototype for complete projects that supports long-term
state management, recursive decomposition, composition-level audit, and rollback, trans-
forming MRAC from an offline observation signal into an engineering control mechanism
capable of driving task continuation or termination, audit-strategy switching, decomposi-
tion, and rollback. Only after sufficient evidence for autonomous progression across the
full engineering process has been accumulated does it become necessary to systematically
test the applicability conditions of L5 in other domains. Specific infrastructure architec-
tures are beyond the scope of this paper.

11. Conclusion
This paper establishes the theoretical starting point of MRAC and a progressive L1–L5 re-
search agenda, distinguishing claims at different levels by evidential strength. L1 provides
a conditional diagnosis; L2 provides positive coverage evidencewithin a limited scope; and
L3–L5 progressively move into decomposition recovery, autonomous progression across
the full engineering process, and cross-domain extension, all of which require experimen-
tal and long-term evidence. MRAC therefore does not need to assume the validity of its
higher-level hypotheses in advance. It can instead begin from observable trajectories and
progressively advance research and engineering validation across distinct levels of evi-
dence.
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