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Abstract Musical Intelligence (MI) represents recordings through inspectable acoustic and listening-related computations. This paper asks
whether documenting those representations helps a language-model analyst draw more reliable scientific conclusions. The proposed MI-Lab
workflow links each quantity to its definition, inputs and permitted uses; numerical programs execute the analysis and retain the evidence for
each claim. A benchmark holds MI arrays fixed while adding operational definitions and computational provenance, separating documentation
effects from representation and analyst effects. Tasks assess recovery of known relationships, diagnosis of confounds, replication and held-out
prediction. Success requires a supported conclusion, valid access to information and rerunnable numerical results. Matched resources and
misleading-label controls test alternatives to a documentation benefit. Musical pleasure provides the initial application. The framework and
benchmark are prospective; no participant, neural or benchmark results are reported.
Prospective author manuscript. All figures are conceptual or analytic illustrations.
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Fig. 1. Representation, analysis and evidence A, MI describes a recording, MI-Lab collects independent observations, and a language model assists analysis
planning while numerical tools execute it. The researcher sets the question, access rules and acceptance criteria. B, Computed descriptors, reported probabilities
and biological interpretations require different definitions and evidence. Curves, bars and circuit-like marks are illustrations, not participant observations or anatomy.

From musical representations to scientific claims
A computational description of music becomes scientifically use-
ful when it helps distinguish explanations for a listener’s response.
The same pleasure rating might reflect acoustic properties, expec-
tations, familiarity or a combination of these. This paper proposes
an analysis framework in which Musical Intelligence (MI) supplies
inspectable representations, independent observations provide the
target, and a language model helps formulate and execute numeri-
cal comparisons. The central question is whether documenting how
MI quantities are defined and derived improves the conclusions an
analyst can draw from them.

The executable architecture[1] contains acoustic coordinates
(R3), requested temporal operations (T3) and listening-related
computations (C3). These are not necessarily a serial chain: an
analysis must record the routes used, including direct acoustic
access and fallbacks. The pinned manuscript reports 97 acoustic
channels, 84 named mechanisms and 889 mechanism-output
dimensions. These describe the implementation, not a set of
independent psychological constructs. A study should select a
small set justified by its question, with broader searches labelled
exploratory and shared inputs accounted for.

An equation makes a transformation inspectable, but its psycho-
logical interpretation still requires construct validation[2]. Analy-
ses may concern transitions, passages, excerpts, performances or
people. Two contrasting sounds can therefore be passages within
the same recording. Composition, performance, recording and ex-
cerpt identifiers determine the appropriate evaluation groups and
help prevent related material from crossing training and test sets.
Details needed to reconstruct the engine remain in the architecture
record.

Pleasure provides the initial application. Uncertainty–surprise
effects and individual preference estimates come from different
tasks and models[3, 4], and need not imply a single pleasure
rule. Sensory surprise and signed value error have different
definitions[5]; neurochemical interpretations require biological
assays[6]. Likewise, selected music, logged exposure, recognition
and autobiographical recollection are different observations.
Recollection would require its own consented assay. Predicting
perceived valence or arousal from acoustics[23] does not establish
prediction of an individual’s experienced pleasure.

Recent tool-using systems provide relevant methodological
precedents. The Virtual Lab has been assessed through experimen-
tal nanobody design[7]; CellVoyager uses notebooks for biological
data analysis[8]; explicit analysis plans have been investigated
for biomedical programming assistance[9]. ScienceAgentBench
evaluates generated programs and execution[10], BLADE allows
multiple defensible analyses[11], and OpenScholar addresses
source-grounded synthesis[12]. These studies motivate a music-
specific evaluation. In that evaluation, source relevance, numerical
correctness and scientific interpretation must each be assessed: a
fluent report or a program that runs successfully is insufficient on
its own.
Definitions, provenance and permitted information
The proposed framework associates each numerical quantity with
five groups of metadata: identity and version; units and scale; tem-
poral and population scope; derivation and dependencies; and ev-
idence status. These records allow an analyst to determine what a
value means before choosing a model. A value between zero and
one is not necessarily a probability, and similarly named channels
may measure different things. Replacing probability-defined sur-
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Fig. 2. Information available to an analysis A, Definitions, versions and provenance connect quantities to observations and claims. The full record also includes
observation releases and exclusions beyond the links shown. B, Population, history-only and feedback-updated readouts predict identical targets before those
responses are revealed. Their performance ordering is unknown. C, Full audio from a known recording may be available for response prediction; a time-local
anticipation test must exclude later sound throughout the dependency chain.

prise with an acoustic score, or a rating with a rank, changes the
target or loss interpretation. Such changes must be explicit; absent
metadata remain unknown.
Stimuli and observations Stimulus records contain composi-
tion, movement and arrangement where applicable, performance,
recording and excerpt identifiers, waveform digest, decoding and
preprocessing, source permissions, channel count and sampling
rate. Observation records add participant pseudonym, session,
exposure, trial, wording and scale, response phase, timestamps,
completeness and quality flags. A title match alone cannot identify
a recording or its permitted derivatives. An identical upload retry
preserves one event, whereas repeated listening creates another
exposure. Missing responses remain distinct from zero.
MI quantities and personal state Each quantity records its
engine, configuration and equation versions, channel identifier,
units or range, transformations, normalization, temporal support,
availability, consumed inputs, fallbacks and aggregation. Personal-
state records add intake version, eligible earlier observations,
learner specification, fitted state, seed, update time and digest. The
dependency record concerns inputs actually consumed, which may
differ from edges drawn in a diagram. Profile changes create new
versions. Neither the current target nor later reports are eligible
inputs to a state used to predict that target.
Analyses and claims An analysis record states the question,
population, outcome, estimand, permitted predictors, exclusions,
transformations, splits, tuning, multiplicity, uncertainty and failure
rules. Confirmatory commitments and exploratory branches re-
main identifiable. Execution records preserve code, dependencies,
environment, authorized data release, model snapshot and configu-
ration, external prompts, retrieved sources, tool calls, errors, seeds,
runtime, cost and resulting files. A claim points to its estimate and
interval, scope, planned or exploratory status, supporting result

and input records, source passages and review decision. Citations
distinguish theoretical motivation, equation origin, methodological
precedent and direct evaluation. Evaluation labels and acceptance
tests remain outside the analyst’s write permissions.
Checking dependencies For the executed parents pa(𝑣) and di-
rect sources 𝐵(𝑣) of a value 𝑣, define

S(𝑣) = 𝐵(𝑣) ∪
⋃

𝑢∈pa(𝑣)
S(𝑢), S( 𝑦̂𝑘) ⊆ I𝑘 ,

where I𝑘 is the information permitted for target 𝑘 . Dependencies
include fitted transforms, normalization statistics, personal-state in-
puts and random streams or generation rules. If all sources and
parents are known in an acyclic executed graph, checking them re-
cursively establishes whether the prediction respects its information
boundary. This guarantee is conditional on the record being com-
plete. Dynamic reads and caches can introduce untracked inputs,
so execution must capture dependencies, restrict access and reject
unsupported reads.

Earliest and latest support bounds will propagate conserva-
tively, with unknown support retained. A locally past-labelled
operation can still contain future information inherited from an
upstream input; storing a feature before a session does not make
it causal. Audio-time availability and response-information avail-
ability are separate constraints. Hashes establish artifact identity,
while access controls are needed to prevent an analyst from reading
answers elsewhere.

These checks can detect invalid joins, inconsistent units, leak-
age, duplicated exposures and unsupported changes in evidence
status. They do not establish that a construct is valid. FAIR
metadata[13] will also need interoperability tests. Ambiguous
information should lead to qualified inference. The audit concerns
observable plans, tools, programs and outputs; a proprietary
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The LLM helps specify and write the analysis; a retained program produces the numbers.
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Fig. 3. Execution and generalization A, A numerical program is saved, executed and independently checked. Accepted claims and rejection reasons are retained.
Reproducibility concerns rerunning that program, rather than generating a replacement. B, Holdouts for later responses, new compositions, new people and both
new people and compositions address different questions. Unused cells remain unused. The diagrams show conceptual partitions rather than sample sizes. All
competitors share outer folds and training-only transformations.

language model’s internal processes remain outside it, and its own
explanation cannot substitute for an execution record.
Personalization and the timing of prediction
With frozen MI configuration 𝜃, let 𝑧𝑠 (𝑡) = 𝐹𝜃 (𝑥𝑠; 𝑡). For eligible
intake or history ℎ𝑖 , earlier observations 𝐷𝑖,<𝑘 and context 𝑐𝑘 ,

𝑤𝑖,𝑘 = U𝜙 (ℎ𝑖 , 𝐷𝑖,<𝑘), 𝑦̂𝑖,𝑘 = 𝑔𝜙 (𝑧𝑠𝑘 , 𝑤𝑖,𝑘 , 𝑐𝑘).

Here, 𝑤𝑖,𝑘 represents the personal state used by the readout. A
language model may help design the update and prediction func-
tions, but the evaluated learner will be saved and fixed before test
responses are exposed. Supplying context to an analyst is a separate
operation from listener learning or computational personalization.

Three readouts will be compared on identical targets, audio and
non-personal covariates: A uses a population model without per-
sonal history or feedback; B is conditioned on intake and then fixed;
C uses the same intake plus earlier feedback. B–A estimates the
contribution of history and C–B that of feedback. A fixed direct-
MI baseline requires an explicit target definition; a fitted population
mapping is not raw MI. Acoustic counterparts will receive the same
history and updating opportunities. Personal-mean, repetition and
size-matched swapped-history controls will address scale calibra-
tion and generally high rating tendencies.

An online forecast must be committed before the response oc-
curs. Chronological replay can estimate earlier-only prediction, but
does not retroactively become an issued forecast. Trusted storage
and access restrictions complement timestamps and hashes. Full
prepared audio may be eligible for predicting a later response while
remaining ineligible for a time-local account of what the listener
could have anticipated.
Numerical execution and validation
Analysis workflow Before confirmatory outcomes are available,
the researcher will specify the observations, estimand, predictors
and their temporal support, validation split, uncertainty procedure
and competing explanations[14]. Exploration may revise these
choices, with branches and reasons retained. The analyst receives
a data dictionary, access and rights constraints, verified source

passages and task summaries that identify row counts, aggregation
and truncation. Large numerical arrays remain in storage with
restricted access.

Generated Python or R programs, or validated numerical func-
tions, will execute in an isolated worker with declared dependen-
cies, read-only data releases and run-specific outputs. Reported es-
timates must come from the saved results. A provider-independent
interface can connect to institutional computation. Records will
identify the model, available snapshot, reasoning configuration, ex-
ternal prompts and tools. Hidden internal reasoning is neither re-
quired nor treated as evidence. Because hosted model aliases can
change, regenerating a program and rerunning its frozen code are
different reproducibility tests.

Validation will check identity, response phase, denominators,
units, missingness, exposure history, information support and in-
variants. Known-answer fixtures assess numerical operations; in-
dependent implementations will check central statistics where fea-
sible; positive and null simulations assess inference. The producing
run cannot overwrite its validator. Expert review addresses scien-
tific adequacy, while agreement from another language model is
only an additional review signal. Failed checks and their reasons
remain part of the record.
Observation models and generalization One candidate model
is 𝑦𝑖 (𝑡) = 𝑎𝑖 + [𝐾𝑖 ∗ 𝑓 (𝑧𝑠 , 𝑤𝑖 , 𝑐)] (𝑡) + 𝜖𝑖 (𝑡), with reporting delay
or smoothing 𝐾𝑖 and dependent error. Lag, smoothing and model
complexity will be chosen on development data. Overall excerpt
ratings cannot establish detailed temporal trajectories; slider traces
provide temporal information subject to motor delay, scale use, fa-
tigue and sampling limits. Tapping, recognition, wanting, relief and
memory require their own measurements[2].

Evaluation splits follow the intended claim: later trials,
unseen composition families, unseen people, or both new people
and new families. Performances and repeated samples remain
grouped. Normalization, feature selection, dimension reduction
and hyperparameters will be learned within training data, using
the same outer folds for all competitors. Uncertainty will be
estimated at participant/composition or source/template level
rather than by counting frames. Parameter and model recovery will
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A better hybrid result does not reveal which component helped.

1 Representation Acoustic features ↔ MI features
Hold observations, learner and fitting resources fixed.

2 Documentation MI values ↔ MI values + evidence contract
Hold numerical arrays, analyst and permissions fixed.

3 Analyst One model or budget ↔ Another model or budget
Hold task, representation and evidence access fixed.

D3 − D1 isolates the evidence contract; it does not establish MI’s acoustic superiority.
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Prespecified benchmark controls expose persuasive names and unconsumed graph edges.

a Same values and definitions, different labels

Mechanism name
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Neutral identifier

Identical numerical array

Mismatched label

Identical numerical array
The definition should govern the claim; a misleading label should be flagged.

b A drawn edge matters only if the computation used it

X Y
Consumed edge

X Y
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Fig. 4. Benchmark comparisons A, Representation, documentation and analyst effects require different controls. B, D1–D3 use identical MI arrays; every condition
includes the minimum units, identifiers, timing and outcome permissions. Definitions and provenance are added in successive conditions. C, Neutral or mismatched
labels test sensitivity to names, while consumed-edge controls distinguish actual dependencies from drawn connections. These are explicit benchmark manipulations,
not changes to participant records.

be assessed[15]. Constant or missing ratings will not be removed
merely because a model fits them poorly.
Exploration and confirmation The analysis record will track
searched channels, lags, interactions and subgroups. Error control
will be prespecified, and selected discoveries will be evaluated in-
dependently. Multiverse analyses can reveal sensitivity[16], while
many-analyst findings demonstrate the importance of visible ana-
lytic choices[17]; neither supplies repeated independent confirma-
tion. Confirmatory programs will be selected and frozen using de-
velopment criteria. Newly proposed equations receive new versions
and evaluations, leaving failed baselines available.
Testable execution properties Three properties will be checked
directly. First, canonicalization of an event collection must satisfy
𝐶 (𝐸 ∪ {𝑒}) = 𝐶 (𝐸) when 𝑒 is an identical retry already in 𝐸 .
A changed payload is a conflict; a new playback is a new expo-
sure. Second, dependency validation must reject synthetic future-
response leakage through fitted scalers, caches or initial states. Pos-
itive fixtures will permit full prepared audio with hidden responses
so that rejecting every offline prediction cannot count as success.
Expected decisions will be fixed before agent access. Third, saved
code, data release, environment and random streams must rerun in-
dependently of a regenerated language-model answer. Determinis-
tic operations require exact agreement where supported; numerical
and stochastic operations require declared tolerances.

These are proposed tests, not reported operational results. Both
validator and analyst failures will be reported. Even a fully repro-
ducible analysis can answer the wrong question, which is why exe-
cution checks and scientific review remain separate.

Benchmark design
Information conditions The benchmark separates representa-
tion, documentation and analyst effects. D0 provides prespecified
acoustic features. D1 provides MI values with a minimal dictionary.
D2 adds operational definitions and temporal support. D3 adds ex-
ecuted dependencies, fallbacks and verified source roles. Common
covariates and allowable observations are identical across condi-
tions.

The primary contrast, D3–D1, tests documentation while hold-
ing the MI arrays and analyst fixed. D2–D1 and D3–D2 distinguish
the contributions of definitions and provenance. D1–D0 compares
representation packages, including their dimensionality and read-
out, rather than isolating individual mechanisms; equal-dimension
and equal-tuning-budget sensitivities will qualify that comparison.
A change of model, provider or resources is a separate analyst com-
parison. Verbosity-matched documentation controls and an expert-
authored frozen pipeline will use the same eligible data. Blinded
experts will establish task criteria independently, allowing defensi-
ble alternatives in open-ended analyses[11].
Tasks and runs The proposed inventory contains 24 develop-
ment tasks and 120 evaluation tasks: 30 each for known-truth recov-
ery, null or confound diagnosis, replication of accessible analyses,
and held-out prediction or discovery. Recovery tasks vary delay,
crossed participant/item effects, missingness and planted relation-
ships. Null tasks include irrelevant correlated channels, duplicated
compositions, future-dependent preprocessing and unsupported bi-
ological claims. Replication tasks require permitted data and ex-
ecutable references. Possible exposure during model training will
be recorded; newly generated instances or prospective observations
will be reserved for generalization, with private seeds and labels in-
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accessible to the analyst. The inventory has not yet been collected
or executed, and its proposed size requires a precision justification.

Each of four conditions will run three times per task in fresh
contexts, yielding 1,440 main runs before controls. Mean success
across attempts is the outcome. Timeouts, invalid results and failed
repairs count as failures, with infrastructure-outage rules, repair op-
portunities and attempt costs defined equally across conditions. A
task passes only if it meets its numerical or empirical target, respects
the information boundary, supplies rerunnable artifacts and sup-
ports its conclusion without disallowed claims. Qualified or neg-
ative conclusions may pass an underidentified or null task; refusing
every task cannot.

Numerical tolerances will follow reference calculations and
measurement precision. Discoveries will be scored using prespec-
ified recovery or unseen observations, supplemented by expert
rubrics for defensible alternatives. Two blinded reviewers will
assess claim support and retain their disagreements and resolutions.
Language-model-only grading will not determine acceptance.
Primary estimand For binary task success 𝑠𝑞𝑐𝑟 and its repetition
mean 𝑠𝑞𝑐, the documentation effect is

Δ = 𝑄−1
𝑄∑
𝑞=1

(𝑠𝑞,𝐷3 − 𝑠𝑞,𝐷1).

This estimate describes the sampled task inventory. Paired, strati-
fied resampling will operate on independent source/template fami-
lies, keeping related tasks and repetitions together. Sensitivity mod-
els will include task family and dataset. If independent families are
too few, results will remain descriptive. Family definitions, resam-
pling and interval methods, stopping rules and the minimum rele-
vant gain will be preregistered. Development simulations will de-
termine achievable precision and cost and may motivate changes to
inventory size. Task-level denominators and intervals will accom-
pany aggregate rates.

Secondary outcomes include numerical error, rerun agreement,
unauthorized access, unsupported claims, citation support, expert
correction time, latency and total computation cost. An increase
in unsupported biological claims will be reported even if comple-
tion improves. Representation and model-choice comparisons re-
main secondary unless separately registered. Additional primary
contrasts require familywise error control; exploratory findings re-
quire new evaluation. A small benchmark with no observed rare
errors cannot establish that their risk has been reduced.
Matched resources and negative controls Conditions will
share the base-model snapshot, tools, permissions, libraries,
maximum attempts and task-specific budgets. Actual tokens and
resources will be reported because equal caps need not imply equal
use. Length-matched controls address the opportunity provided
by a longer prompt. A smaller or lower-effort analyst will assess
model dependence, with exact provider and snapshot recorded at
execution.

Neutral and deliberately mismatched labels will preserve val-
ues and definitions while testing whether suggestive names influ-
ence conclusions. Further controls will remove an unconsumed
edge, swap size-matched histories, preserve autocorrelation while
breaking target alignment, and insert known nulls. Each control
will have a stated expected effect; removing an unused edge should
not change the numerical computation. Evidence for the frame-
work would weaken if documentation improved explanations with-
out valid task completion, if gains disappeared under matched re-
sources, or if simpler acoustics performed equally well at lower cost.
Benefits limited to a task family will be reported at that scope.
Application to music research
Personal pleasure and candidate mechanisms The compan-
ion protocol[18] uses 20 recognized classical families and explicit
reports. It does not reconstruct autobiography or streaming his-
tory; other history sources would require their own specification. Its
matched predictions can test B–A and C–B against personal-mean
and equally informed acoustic controls. The same observations also
support comparisons between probability-defined information con-
tent and ICEM or PUPF scores, or between resolution-related pre-
dictors and roughness, energy and generic acoustic change.

These comparisons require precise endpoints. Reported signed
value error differs from sensory unexpectedness and RPEM, and
algebraically coupled differences cannot establish value learning;
independent later behaviour is a more informative target. Mem-
ory claims must be tied to measured exposure, recognition or rec-
ollection, while brain prediction requires independent neural ob-
servations. ICEM (Information Content Emotion Model), PUPF
(Pleasure-Uncertainty Prediction Function), RPEM (Reward Pre-
diction Error in Music), WMED (Working Memory-Entrainment
Dissociation) and UDP (Uncertainty-Driven Pleasure) identify im-
plementations. Their equations, temporal support and shared inputs
must be inspected before attributing distinct effects. Similar names
neither merge UDP with PUPF nor demonstrate their independence.

Consider a musical ending. Events can be selected indepen-
dently of pleasure, with response interval and motor lag fixed
from development data. Equally constrained acoustic-change and
context-resolution models can then be compared while accounting
for familiarity, repetition and scale use. Strong collinearity may
leave the explanations underidentified. A subsequent experiment
could hold the ending fixed while varying context, or vary the
ending within a controlled context, and measure remaining con-
founds. Musical validity, rights, participant burden and unintended
changes require researcher review before predictions and analyses
are committed.

Adaptive selection is an optional extension. It would require
records of policy, candidate set, randomization and selection prob-
abilities, together with an analysis of distribution shift. Prepared
sessions and offline analysis remain the baseline. A failed direct
readout may coexist with useful information elsewhere in the rep-
resentation, but a post hoc replacement needs an independent test.
Acquisition and access The measurement companion[19]
separates released stimuli and schedules, browser exposures and
immutable analysis views. The analyst cannot rewrite observations
or committed predictions, change collection protocols, coach
listeners, supply consent or invent missing responses. Prepared
sessions therefore remain usable during analyst-service outages.
Audio-context, browser-monotonic and receipt clocks serve distinct
roles; timing needs physical qualification[20], and upload retries
remain distinct from repeated listening.

Research views exclude identities and contacts, although
pseudonyms and small-group summaries may still reveal individ-
uals. Tool access will be limited to the task, with aggregation and
suppression recorded. Hosted-language-model data flow must be
addressed in consent and institutional review before transmission.
Institutional numerical workers may return approved summaries,
without implying that every summary is anonymous. Recollection
data require a distinct measurement and handling purpose, and the
proposed analyses do not generate participant diagnoses.

Imported papers, participant text and metadata will be treated
as data rather than instructions that can change permissions. Execu-
tion will use bounded resources, isolated outputs and restricted net-
works, with evaluation outcomes unavailable before commitment.
Logging alone cannot undo answer access. Questions, definitions,
plans, scoring rules, code and permitted derivatives will be released;
identifiable data and restricted audio need controlled access or re-
producible fixtures. A digest without the underlying artifact is in-
sufficient for rerunning. Public, approved-auditor and internal re-
producibility will be stated separately, including any access limits
inherited from the architecture record[1]. Independent reconstruc-
tion requires an actual independent run. FAIR access and reuse con-
ditions will be explicit[13].
Neural studies EEG and MEG applications require stimulus
alignment, preprocessing, sensor or source definitions and temporal
kernels. fMRI applications require haemodynamic assumptions,
run structure, motion controls and region selection. BIDS[21] can
support consistent identity and metadata. Encoding comparisons
additionally need held-out signals, matched acoustic, timing and
nuisance baselines, and shared folds and tuning. Test outcomes
cannot be used to select regions, time windows or models.

Work on apparent language-model–brain alignment[22] moti-
vates controls for shuffled splits, autocorrelation, recording posi-
tion, rate or envelope and leakage; it does not evaluate MI. The
most informative manipulations make competing explanations dis-
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An inspectable equation and a good prediction are useful evidence at different levels.

1 Computation Change a consumed MI edge.
Shows a consequence inside the model.

2 Behaviour Randomize a sound or context.
Tests the manipulation’s effect on responses.

3 Neural prediction Predict measured EEG, MEG or fMRI.
Requires held-out signals and matched controls.

4 Neural mechanism Discriminate a specific biological account.
Requires further evidence at that biological level.

A
B

No automatic promotion from a channel name to a brain mechanism.

B

Fig. 5. Discovery and levels of evidence A, Competing passage-level explanations lead to a new test whose predictions are fixed before evaluation. Changing
code and manipulating a listener's experience test different claims. B, Computational results, randomized behaviour, held-out neural prediction and specific biological
mechanisms require evidence appropriate to each claim. The diagram identifies these distinctions rather than reporting completed validation.

agree. Code interventions address computations, randomized sound
or context addresses assigned behavioural effects, and neural mech-
anism claims require evidence at that biological level[24].
Interpretation and limitations
MI may produce reliable computations whose proposed memory or
reward interpretation is unsupported. It may also predict responses
while remaining compatible with several mechanisms. Inspectable
equations help locate contested assumptions and shared inputs; the
proposed benchmark asks whether this information improves analy-
sis in practice. Accessible numerical programs, access to language-
model internals and public reconstruction of an engine are distinct
properties. Evidence from classical listeners would not establish
generalization across styles, cultures, ages or listening contexts.

Benchmark limitations include fallible expert judgment,
possible training exposure to public replication tasks, incomplete
synthetic nulls and dependence among datasets. Many repeated
runs cannot compensate for few independent task families. Provider
changes, costs and stochastic analyst variation also differ from the
reproducibility of frozen numerical code. The inventory, reference
calculations, rubrics, family assignments, budgets, scoring and
development decisions will be fixed and made auditable before
evaluation, while private labels remain inaccessible. Permitted
artifacts and failures will be released afterwards.

A failed check can narrow or invalidate a claim, or motivate a
new comparison; it does not automatically justify deleting obser-

vations. Underidentification should be attributed to shared predic-
tors, uncertain measurements or missing contrasts where supported.
Failed generalization and unavailable reconstruction records will be
reported as such.

The proposed sequence begins with an independent rerun on
permitted data that includes a deliberate failure case, followed by
a blinded comparison of numerical-only and documented inputs.
Prospective personalization and discovery tests, and later neural as-
says, would follow when the required measurements and expertise
are available. This sequence allows the framework to be revised or
discontinued if its documentation provides no measured benefit.
Status and disclosures No new participant or neural data, bench-
mark results, deployed hybrid service or completed preregistration
are reported. Each study requires an analysis plan, sample justi-
fication and institutional approvals. Editable text, vector figures
and review records accompany this edition, without a participant
dataset or functioning language-model service; engine access fol-
lows the architecture record. Amaç Erdem develops MI and pro-
poses MI-Lab. Funding and competing-interest statements remain
to be confirmed. Generative-AI assistance supported literature re-
trieval, drafting, figure programming and document checks; no par-
ticipant records were supplied. This assistance was not an evalu-
ation of the proposed analyst. The author must approve scientific
content and disclosure before submission.
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