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Abstract

Can a listener’s response to a question about familiarity or expectation improve the prediction of their subsequent musical pleasure?
This protocol proposes a test within Musical Intelligence (MI), using a fixed audio representation and a Bayesian observation model
with a persistent listener state. History, direct pleasure reports and auxiliary responses enter separate comparisons, allowing the
contribution of relations between tasks to be estimated on the same listening trajectory. Predictions are committed before each lis-
tening block and evaluated on later reports. A conditional Gaussian example establishes when an auxiliary observation can reduce
predictive uncertainty, while a wrong-sign example shows how an incorrect relation can worsen prediction. The experimental design
couples this comparison to a separate, controlled search for associations beyond the dimensions already labelled as pleasure-related.
It specifies stimulus provenance, temporal alignment, model controls, held-out source families and simulation-based planning. The
personal inference layer and experiment are proposed extensions; the figures show source-audited architecture, analytic calculations
and synthetic examples, not participant results.

Study status: Experimental protocol; recruitment, preregistration and ethics review pending.
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Figure 1. Audio representation and the proposed listener model. (a) The nine R® groups contain 97 channels. Counts describe the inspected implementation. (b) The
selected pleasure subgraph has nine mechanisms, 103 outputs and six declared relay edges. DAED and RPEM have no edges within this selected graph; this does not imply
isolation in every configuration. (c) History and task responses would update a personal posterior downstream of the fixed engine. The F4 memory-labelled computations
currently use audio-derived inputs; persistence across sessions requires an additional observation and storage layer.

F4 memory-labelled scores are audio-derived; a persistent personal state is an extension to be implemented.

1. Introduction an inspectable music-listening architecture, together with an ex-

A pleasure rating gives direct evidence about a listener’s response ~ periment that can reject the assumed relations. A larger collection

to a particular musical passage. It leaves several explanations
open. The passage may be familiar, may fulfil an expectation,
or may have an acoustic character the listener tends to enjoy. A
second observation can help distinguish these explanations even
when it does not ask about pleasure. The question is whether the
distinction improves a prediction that has not yet been scored.

This protocol examines that question using Musical Intelligence
(MI). MI supplies named acoustic coordinates, temporal opera-
tions and listening-related calculations with inspectable depen-
dencies. The proposed extension adds a personal state inferred
from a listener’s history and responses. Its central test concerns
information transfer: does a familiarity report or an expectancy
response improve the forecast of later pleasure beyond the infor-
mation already supplied by previous pleasure ratings?

Joint Bayesian models and multi-task prediction already provide
ways to combine observations through shared latent variables or
covariance structure (Turner et al., 2013; Bonilla et al., 2007).
The proposed contribution is a specific use of these principles in

of scores would not by itself establish a contribution. The rela-
tions must improve a defined prediction under controls for history,
direct feedback, model capacity and stimulus identity.

Musical familiarity and expectation are plausible starting points
because each has an established relationship with pleasure, al-
though neither supplies a universal account of it (van den Bosch et
al., 2013; Cheung et al., 2024). Specific musical anhedonia fur-
ther cautions against assuming that intact perceptual processing
necessarily produces reward (Mas-Herrero et al., 2014). These
observations motivate a small initial model whose relations can
vary across listeners. They do not justify treating every mecha-
nism name in MI as a measured psychological variable.

A second aim is exploratory. An acoustic or computational di-
mension with no prior pleasure label may carry useful information
about a listener’s response. Such a result could reveal a missed
predictor, an interaction with context, or a limitation of the cur-
rent model. The protocol therefore separates a confirmatory test
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of specified relations from a broader search for additional associa-
tions. The latter has its own selection, multiplicity and replication
requirements.

The study concerns inference about a listener. Changes in the
model’s posterior do not establish that the listener has learned.
Likewise, the fixed audio representation does not make the en-
tire procedure external to statistical learning: Bayesian updating
is often included under that broad term. The precise commitment
is that this experiment uses no deep neural network and does not
retrain an audio representation from participant ratings. It tests
whether explicit probabilistic relations between observations are
useful.

2. Representation and observation model

Implemented computations and proposed state

The inspected R3 implementation contains 97 channels in nine
groups. T3 supplies requested temporal operations, and C3 com-
bines these quantities into named calculations. The selected
pleasure-related subgraph contains nine mechanisms and 103 out-
puts, connected by six relay edges (Figure 1). The broader C3
inventory contains 84 mechanisms and 889 output dimensions.
These numbers describe the repertoire and its dependencies; they
do not count independent psychological processes or independent
statistical tests.

The distinction matters especially for memory. In the inspected
HCMC implementation, eleven bounded outputs are computed
from acoustic, temporal and relay inputs. The interface does
not accept a participant response or a persistent personal history.
A memory-related name therefore cannot establish that a score
stores what a particular listener has heard. The proposed study
would add that missing information explicitly, with a separate data
model and update rule.

For recording s and time ¢, let the fixed engine produce

zs = Fvi(as)s, ()

where ay is the verified waveform. A declared subset of these co-
ordinates and temporal summaries enters the observation model.
The engine configuration, normalization and temporal support
are frozen before the confirmatory evaluation. Full-recording au-
dio may be available for an offline listening-response prediction;
claims about online audio forecasting would require an additional
restriction on every upstream operation.

Let 8, denote listener u’s state and h,, their recorded history pro-
file. A useful starting specification is

0., ~ N(Bh,,Y), ()

with a population prior when history is unavailable. The initial
state should be small enough to recover in simulation. Candidate
components include an individual hedonic intercept, familiarity
and expectancy sensitivities, and a limited set of weights on se-
lected MI coordinates. Their number, priors and permissible co-
variance structure must be fixed after development and recovery
checks, before confirmatory data are collected.

Separate likelihoods for separate responses
A response from task k& is an observation of that task, with its own
measurement scale:

Tuk ~ Lk(hk(z’ ou’ C)) . (3)

Here ¢ records context, such as block, presentation order and
playback conditions. The proposed familiarity scale has five or-
dered categories. An ordered-logit likelihood respects their or-
dering without assuming equal distances. The expectancy task
asks the listener to choose between two continuations and uses
a Bernoulli likelihood, or an equivalent two-option softmax. The
primary pleasure response is continuous on a 0—-100 scale. A cen-
sored Gaussian observation model with centre 100 logit™! (np)
is a candidate specification, including explicit probability at the
scale boundaries.

The task links need not all depend on every state component.
Their shared dependence determines what one task can reveal
about another. A pleasure intercept can remain distinct from per-
ceptual sensitivity, and a covariance may be positive, negative
or absent. Fixing all such relations to a positive sign would rule
out potentially informative dissociations before the study begins.
Recognition accuracy, reported surprise and urge to move could
be studied later, but they are not interchangeable with either fa-
miliarity or felt pleasure.

Given the observations D available at an update, the posterior is
p(eu|D’ruk)ocp(ruk|0u,z,c)p(0u|D)~ €]

Predictions integrate over this uncertainty rather than substituting
a single fitted state. Shared coefficients are estimated only from
development data. If the primary implementation fixes them for
computational reasons, sensitivity analyses must propagate un-
certainty using frozen draws from their development posterior.
Both the conditional approximation and its consequences for cal-
ibration should be reported.

The primary model treats the relevant listener state as stable
within a session. This is a testable simplification. A dynamic-
state extension could distinguish persistent preference from fa-
tigue or changing attention, but it also introduces parameters that
may be hard to identify. It should be evaluated separately, af-
ter demonstrating that the proposed tasks can recover the simpler
state.

3. When an auxiliary response is informative

A conditional Gaussian example

Consider future pleasure P and an auxiliary response Z, after con-
ditioning on the information already in D. Suppose their joint dis-
tribution is Gaussian with conditional means up, uz, variances
vp, vz and covariance c pz. Observation noise is included in v.
Forvz > 0,

C
E[P|D,Z] = up + VLZZ@—uz), )
C2
Var(P | D,Z) = vp — L£. (6)
Vz

The second expression gives an exact reduction under the stated
model (Rasmussen and Williams, 2006). A response carries no
additional information in this Gaussian example when its condi-
tional covariance with future pleasure is zero. A negative covari-
ance can be as informative as a positive one. The relevant co-
variance is conditional on previous observations; a large raw cor-
relation may contribute little once history and past pleasure are
known.

For several auxiliary responses, write their conditional covariance
matrix as V and their covariance with P as c. If V is invertible,

Var(P | D,Z) =vp—c'V'c. (7

2



a Conditional variance b Predictive density

Variance Density

0.5

05 - 0.712

¢ Prediction error

No update
I 1.000

Correct bridge
I 0.712

Wrong sign

0.9 -3
Covariance ¢

=== Prior

d Identifiability: two parameters, two observation designs

X

Pleasure only Pleasure + auxiliary

I 1 864

Future pleasure P

— AfterZ =1 Expected squared error

Pleasure alone identifies a sum of two parameters.

A second projection can identify each component.

Parameter definitions and assumptions are given in the caption.

All panels are analytic illustrations.

Figure 2. Information transfer under a specified model. (a--c) The illustrative conditional Gaussian has vp = 1, vz = 1.25, cpz = 0.60 and zero prior means. Its update gain
is 0.48 and its posterior variance is 0.712. The density in (b) conditions on Z = 1. The expected squared errors in (c) are 1 without updating, 0.712 with the correct relation
and 1.864 when the update uses the opposite sign. These are analytic expectations, not experimental estimates. (d) Observing P = «a + 3 alone leaves a line of parameter
solutions; an additional observation of Z = @ supplies a second projection. The sketches depict identifiability, not sampled posteriors.

This expression accounts for dependence among the responses.
Repeating an almost identical measurement does not provide the
information that would be obtained from several independent
measurements. In practice, near-singular covariance estimates
also require regularization and sensitivity analysis; adding tasks
can otherwise make estimation less reliable.

Figure 2 uses vp = 1, vz = 1.25 and cpz = 0.60. The gain is
0.48 and the conditional variance is 0.712. To see the cost of a
wrong relation, let a linear forecast use gain a on a centred Z. Its
expected squared error is

R(a) =vp —2acpz + a*vy. ®)
The correct gain minimizes this risk. Reversing its sign gives
vp + 3ci,z/vz = 1.864, which is worse than ignoring Z. Thus,
a Bayesian update is not an empirical guarantee of improvement.
The relation encoded by the model must be adequate for the ob-
servations to which it is applied.

Expected information and realized outcomes
The general information statement is an expectation over possible
observations:

I(P;Z | D) =Ezip[KL(p(P | D.Z) || p(P | D))] 20. (9)

For squared-error prediction under a coherent model, the corre-
sponding expected Bayes-risk reduction follows from total vari-
ance:

Var(P | D) —Ez|p[Var(P | D, Z)]

= Varzp(E[P | D,Z]) 2 0. (10)
These statements do not say that every realized response narrows
every credible interval. Outside the fixed-covariance Gaussian
case, a surprising response can expose uncertainty and increase
the realized posterior variance. Nor do the statements ensure ac-
curacy when the likelihood, shared covariance or measurement
process is wrong. Held-out predictive performance remains nec-
essary.

An auxiliary task can also resolve parameter ambiguity. If plea-
sure depends only on a + 3, pleasure observations cannot separate
the two components. A second task sensitive to @ adds an inde-
pendent projection and can make both identifiable (Figure 2d).
An informative prior may stabilize the first model, but it does
not supply a second data constraint. Recovery simulations should
determine which distinctions the actual task design can support
(Wilson and Collins, 2019).

Derived scores are not additional observations

Suppose Q = g(X) is a deterministic transformation of an already
observed quantity. Then

I(P;Q | X,D) = 0. (11)

A derived MI score may express a useful hypothesis or make a
limited model easier to fit. It still cannot create information be-
yond its complete inputs. Treating several algebraically related
scores as independent evidence would exaggerate precision. The
proposed advantage of auxiliary tasks is different: they introduce
observations of the listener that are absent from the waveform and
from previous pleasure reports.

This distinction also limits what a large architecture can estab-
lish. A useful composite may be easier to interpret than its acous-
tic constituents, or impose a helpful constraint on a small dataset.
Whether it adds predictive value must be tested against those con-
stituents under the same protocol. Interpretation, convenience and
incremental information are separate empirical questions.

4. Experimental design

Recording identity and listening history

Spotify and Apple Music records would identify titles, artists
and a participant’s reported or exported listening history. Audio
would be obtained separately from a source that permits the in-
tended research use. A title match is insufficient: covers, remas-
ters, edits and live versions can have different waveforms. The
matching record should include artist, version, duration, an ISRC
where available and an audition check. Unresolved matches are
excluded or explicitly marked as a different recording.



a Within-listener chronology

History ——> Block 1 > Block 2 > Block 3 > Block 4 > Block 5 > Block 6

10 one-minute excerpts per block; continuous pleasure reports

Primary scoring: blocks 2-6; equal weight per valid block

Commit forecasts before each block. Reports from that block enter only the next update.
b Evidence available to each virtual model
Model History Pleasure Auxiliary Bridge Comparison
A Population — — — — Baseline
B History Yes — — Off B versus A
C Direct feedback Yes Past — Off C versus B
Separate-task control Yes Past Past Off Diagnostic
R Relational Yes Past Past On R versus C
R-yoked Yes Past Yoked On Control

Figure 3. Block chronology and model comparisons. (a) All models forecast the same six listening blocks. Predictions for a block are committed before its first excerpt;
responses from that block become available only at the following update. Primary evaluation uses blocks 2--6. Familiarity prompts and continuation probes occur at prespec-
ified positions. (b) The comparison separates population information (A), listening history (B), direct pleasure feedback (C), separate task models (C+), relational updating
(R) and yoked auxiliary responses. The primary contrast is R versus C; equal task exposure keeps participant burden the same across these virtual models.

Each waveform receives a hash, a parent recording identity and
a source-family identifier. Excerpt boundaries, transformations,
loudness processing, playback settings and MI configuration are
recorded alongside hashes of the resulting arrays. Alternate ex-
cerpts and transformed versions of the same source remain in one
family for partitioning. Otherwise, an apparently new test track
may reproduce material already available during development.

History is voluntary and is limited to information needed for the
study. The record should preserve its source, cutoft date, miss-
ingness and uncertainty. Playlist membership alone does not es-
tablish listening, liking or an autobiographical memory. Music-
evoked memory is a plausible dimension of experience (Janata,
2009), but inferring personal events from a song list would ex-
ceed these observations. Private narrative content is unnecessary
for the primary experiment.

The stimulus panel combines participant-selected familiar mu-
sic with source families sampled independently of model perfor-
mance. Novelty is checked using the participant’s report rather
than inferred from catalogue metadata. Selection criteria, balanc-
ing variables and the treatment of uncertain familiarity are fixed
before confirmatory collection. Both the history model and its
comparators predict the same panel, so preferential selection for
one model cannot create its apparent advantage.

Session and task sequence

The provisional session contains sixty one-minute scored excerpts
in six blocks of ten (Figure 3). Participants report felt pleasure
continuously on a 0-100 scale. Two familiarity prompts and two
continuation probes follow selected excerpts in each block. Probe
audio is unscored and is distinguished from the sixty minutes of
primary listening. Setup, practice and breaks add to this duration;
an initial allowance of approximately eight minutes for probes
must be checked in the pilot rather than treated as an established
burden estimate.

The familiarity prompt asks whether the excerpt was known be-
fore the current session. The continuation task presents two al-
ternatives under a fixed presentation rule. Instructions, timing
and response windows are piloted for comprehension and then
frozen. Prompt locations should avoid systematically coupling a

task to only one position, intensity range or music category. The
sequence and any counterbalancing are generated before predic-
tions are evaluated.

Eligible adults would be recruited under a prespecified hearing
and language protocol. Musical background, age range and re-
cruitment source must be recorded, with any quotas defined before
collection. Hearing criteria, exclusion rules and the minimum us-
able response coverage are unresolved design choices to settle in
the pilot. The main study should begin only after the practical bur-
den, recovery performance and sample-size justification support
the resulting specification.

Practice includes scale use and examples that are excluded from
evaluation. Participants are told to report pleasure as experienced,
including low or neutral responses; continuous movement is not
required. A stable slider position can therefore be valid. An
untouched default before the first deliberate response, however,
is not automatically a pleasure observation. The interface must
record enough events to distinguish these cases.

Evidence available to each model

Model A uses a population readout. Model B adds the history-
informed prior and remains fixed during the session. Model C
starts from the same history prior and updates from completed
pleasure reports. Model R receives the same history and plea-
sure information as C, plus completed auxiliary responses linked
through the specified listener state. The primary contrast, R ver-
sus C, estimates the value of this relational use of auxiliary obser-
vations.

A separate-task model, C*, receives the same task responses but
has no cross-task connection into the pleasure state. It checks that
access to an additional task file does not itself alter predictions
through an unintended implementation route. A yoked control
supplies R with another listener’s auxiliary responses while pre-
serving task and block structure. The assignment must respect the
conditions needed for exchangeability, including any stimulus-
specific response dependence; a naive shuffle across unrelated
probes would change more than personal correspondence.

Before block 1, B, C, C* and R must have the same history-
conditioned marginal pleasure prediction. Their later differences
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can then be attributed to the observations made available by the
protocol, subject to the declared model differences. Common pa-
rameters, priors and fitting budgets are matched wherever possi-
ble. Remaining capacity differences are reported and assessed
with a generic joint-model comparator. Additional parameters
should not be credited as evidence for a particular MI mechanism.

These are virtual models evaluated along one participant trajec-
tory. The participant performs one set of tasks; each model re-
ceives a defined subset of the resulting evidence. This design
holds music, reports and burden constant for the primary compar-
ison. It estimates how an inference procedure uses observations
under this panel. It does not estimate what would happen if the
participant had never been asked the auxiliary questions.

Commitment and update records

Before each block, the system saves all predicted trajectories
and their predictive distributions, model identity, state version,
available-data cutoff and code version. The record is immutable
for scoring purposes. The next update consumes only observa-
tions from completed blocks. A current-block response cannot
alter a prediction already attributed to that block, even when the
interface displays a live estimate for demonstration.

Raw audio time and raw response events are retained separately.
The audit log records pauses, hidden-window intervals, interrup-
tions, device changes and probe onset. A replay should reproduce
both the predictions and the exact set of observations available
when they were committed. If a software fault breaks this order-
ing, the affected block is handled according to a prespecified rule
shared by all models.

Development sequence

Development proceeds from an executable observation model to a
replayable session, followed by recovery simulation and a feasibil-
ity pilot. Each stage should produce an identifiable configuration
rather than silently replace the preceding one. The shared engine
can remain fixed while candidate likelihoods and personal-state
dimensions are compared on development data. Once selected,
their formulas, priors and update tolerances are frozen together.

The replay test uses a synthetic participant record with known
event times, pauses and missing responses. It checks that block
predictions are unchanged when future observations are ap-
pended, that an unavailable task cannot affect a model’s state, and
that the separate-task model gives the same pleasure update as C
when their pleasure components are matched. These are checks
of the experimental intervention on information access. They are
necessary even if each model’s inference routine passes its own
numerical checks.

A recording manifest connects each excerpt to its parent wave-
form, licence record, transformation log and source family. A
model manifest connects each committed prediction to its engine
arrays, task likelihoods, global-parameter snapshot and personal-
state version. The scoring program reads committed predictions
and raw response records without refitting. This separation per-
mits an independent reviewer to reconstruct what was available
before each scored block.

5. Confirmatory analysis

Primary estimand

Let V,1,» be model m’s predictive median for listener u at eligible
time ¢, and let y,, be the observed pleasure. The median is used
because the primary loss is absolute error. For each participant,

average the time-point errors within each valid scored block and
then average the blocks with equal weight:

Z |yut _yutm|‘

teVup

1 1
Cum = T v (12)
1B b;,;u V|

Here B, is the prespecified set of valid blocks among 26, and V,,;,
is their common valid-time mask across all models. With com-
plete data, |8,,| = 5. Minimum block and participant coverage are
fixed before recruitment; they cannot be chosen after inspecting
model errors. The target contrast is

1 N
A= N;(EMC_EMR)'

Positive values favour relational prediction. Equal participant
weighting prevents long or densely sampled records from dom-
inating the estimate. The participants, rather than audio frames,
are the independent units for the primary uncertainty calculation.

13)

A participant-resampled 95% confidence interval accompanies A.
The procedure resamples each participant’s complete pair of er-
rors and preserves their internal time dependence. This inference
describes the sampled participants under the selected music panel.
A secondary analysis accounts for source-family clustering; gen-
eralization to new music requires the held-out-family and replica-
tion tests described below.

The smallest effect of practical interest, ¢, is expressed in
pleasure-scale error units and fixed before collection. An inter-
val entirely above zero supports an average predictive gain under
the panel; an interval entirely above 6* supports the stronger claim
of practically useful improvement. An interval contained within
[—6%, 67] is compatible with practical equivalence under the cho-
sen interval rule. Other outcomes remain inconclusive about these
claims. Statistical detection and practical usefulness should both
be reported.

Timing, missingness and calibration

The response grid and any correction for reporting delay are cho-
sen using development or pilot data and then held fixed. Opti-
mizing a lag against each evaluated trajectory would let the target
determine its own alignment. The primary mask excludes known
interruptions and unavailable responses using logged events and
prespecified rules. Target pleasure is not imputed to manufacture
a complete record. The reasons for missingness and exclusions
are reported by participant and block.

Normalization parameters, feature selection, response smoothing
and all model tuning are estimated within development data. The
same mask and scoring grid apply to every comparator. A sen-
sitivity analysis can examine a small, predefined range of lag as-
sumptions, but it must display all of them rather than replace the
primary result with the most favourable alignment.

Absolute error addresses the accuracy of the central forecast. It
does not assess whether its uncertainty is trustworthy. Secondary
analyses therefore examine predictive interval coverage, interval
width and a proper distributional score compatible with the cen-
sored observation likelihood. Excessive confidence after auxil-
iary updates would count against the proposed model even if me-
dian error improved slightly. Calibration should also be examined
by block, since an accumulating posterior can become overcon-
fident as dependent reports are mistakenly counted as new evi-
dence.

History gain (B versus A), direct-feedback gain (C versus B),
separate-task and yoked controls, and performance across source
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families are secondary comparisons. A prespecified family of in-
ferential secondary contrasts receives a Holm adjustment. Addi-
tional descriptive plots remain labelled as such. A mixed-effects
or multiway-resampling sensitivity analysis may address crossed
participant and recording effects, but it must not treat time points
as independent replications of the study.

6. Discovery beyond pleasure-labelled dimensions

A separate exploratory model

The confirmatory comparison uses a small, theory-motivated
set of task relations. A broader analysis asks whether other
MI dimensions are associated with pleasure after accounting for
known predictors. Large feature libraries and systematic asso-
ciation searches have precedents in time-series phenotyping and
phenome-wide analysis (Fulcher et al., 2013; Fulcher and Jones,
2017; Denny et al., 2013). MI could supply an inspectable search
space, but the existence of that space would not make the search
method itself new.

A schematic candidate model is

E[Yust] =by, + fO(zsta cuxt)

+ D ViBuj ) (Zsts Cust), (14)
J

where fy contains the locked baseline, ¢; specifies a candidate
transformation or relation, y; selects it, and §,,; allows its contri-
bution to vary across listeners. The expression is a search spec-
ification, not a fitted result. Candidate lags, nonlinearities, inter-
actions and subgroup terms must be counted as part of the search
rather than described as free follow-up checks.

The catalogue can include a coordinate whose current label seems
remote from pleasure. For example, modulation variability might
interact with familiarity in predicting an individual’s response.
This is a candidate to test, not a finding. It could reflect an acoustic
preference, a correlated musical structure, a task artefact or a vari-
able already represented elsewhere. The first question is whether
it adds reproducible prediction after the baseline and relevant con-
text have been considered.

Dependence, confounding and level of analysis

Figure 4 illustrates several ways an apparently simple correlation
can mislead. A symmetric quadratic relation has zero Pearson
correlation despite complete dependence. Conversely, an asso-
ciation pooled across listeners can have the opposite sign within
every listener. A population relationship therefore cannot auto-
matically be interpreted as a personal update rule (Fisher et al.,
2018). Within-person deviations and between-person differences
should be modelled separately where the design supports both.

A shared cause can also create a relation with no unique contri-
bution from the candidate. For independent unit-variance Z, ex
and ep, set X = Z+e€ex and P = Z + ep. The marginal correlation
is 0.5, whereas the residual covariance after conditioning on Z is
zero. In music, intensity, familiarity, order or recording identity
may play analogous roles. Adjustment does not prove that all con-
founding has been removed, but it makes the assumed comparison
explicit.

The engine’s dimensions are themselves dependent. Some share
acoustic inputs, reuse temporal arrays or combine other outputs
deterministically. Consequently, 97 R3 channels and 889 C3 di-
mensions are not 986 independent opportunities for discovery.
The archive should retain feature lineage, correlations and alge-
braic relationships. Where several candidates represent nearly the

same signal, results should be reported as a related set rather than
as multiple independent discoveries.

Selection, multiplicity and replication

The exploratory search uses development participants and devel-
opment source families. Every candidate transformation is fitted
inside the relevant training split. Selection on a dataset followed
by a significance test on the same selected effect would be circu-
lar (Kriegeskorte et al., 2009). Nested selection constrains fitting,
but it cannot undo earlier design choices informed by a suppos-
edly held-out sample.

Sparse priors can make the cost of searching many relations ex-
plicit (Scott and Berger, 2010). If a candidate has prior inclusion
probability 7 and Bayes factor BF, then

Pry=11D) = - 7 BE (15)

-7+ nBF’
With 7 = 0.01 and BF = 100, this probability is approximately
0.503. A prior of exactly zero would prohibit discovering the rela-
tion at all. Sensitivity to a plausible range of sparse priors should
therefore accompany the search. Shrinkage is useful for estima-
tion, but it does not substitute for an independent test of a selected
relation.

For frequentist confirmation, the family of selected hypothe-
ses and its error criterion are declared before replication.
Benjamini—-Hochberg requires its applicable dependence condi-
tions; Benjamini—Yekutieli provides a more conservative option
under arbitrary dependence when the individual p-values are
valid (Benjamini and Hochberg, 1995; Benjamini and Yekutieli,
2001). Neither correction repairs invalid inference caused by
treating serially dependent frames as independent observations.
The resampling or model-based test must first respect the sam-
pling structure.

Stability across clustered resamples can identify relations worth
following up (Meinshausen and Biihlmann, 2010). Before confir-
mation, freeze the feature definition, lag, direction or shape, con-
text interaction, preprocessing and effect-size criterion. Test that
specification in new listeners and new source families. A failed
replication should remain visible, alongside the development es-
timate and the search that produced it. Even a replicated predictor
remains an association until an appropriate intervention supports
a causal interpretation.

7. Validation and sample-size planning

Separate listeners from source families

A new participant and a new recording are different generalization
problems. The evaluation therefore distinguishes known and new
listeners crossed with known and new source families (Figure 5a).
Shared model parameters are fitted only in the development par-
tition. A new listener may accumulate a personal state through
the same block schedule, but their future blocks cannot influence
earlier predictions. New-family evaluation keeps transformed ver-
sions and near-duplicate excerpts with their parent family.

The primary R-versus-C contrast tests relational updating under
the chosen representation. Additional controls ask whether the
result depends on MI’s composites: an R3-only model, simple
history or running-mean calibration, and a generic joint model
with comparable capacity. A positive R-versus-C difference with-
out an advantage over these comparators would support the use of
auxiliary evidence, while leaving the specific value of the selected
MI computations unresolved.



a Nonlinear dependence b Pooled versus within-listener association
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Figure 4. Why an unexpected association needs a separate analysis. (a) Symmetric samples from Y = X2 have zero Pearson correlation despite deterministic dependence.
(b) Synthetic observations from three listeners have a positive pooled association and a negative association within each listener. (c) Testing 889 null hypotheses at an
uncorrected threshold of 0.05 yields 44.45 expected false positives when each test has that size, regardless of dependence among tests. (d) With prior inclusion probability
0.01, a Bayes factor of 100 gives posterior inclusion probability about 0.503; the dashed curve uses a prior of 0.10. The plots are analytic or synthetic diagnostics and contain
no participant measurements.
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Figure 5. Generalization and planning. (a) Listener and source-family partitions distinguish fitting from transfer. The lower-right cell requires both new listeners and new
recording families. (b) Known-standard-deviation paired-normal power for two-sided @ = 0.05, standardized paired effects d = 0.15, 0.25, 0.35 and 20--320 independent
participants. The horizontal guide is 0.80. These curves illustrate sensitivity to assumptions; they neither estimate an Ml effect nor determine the study's final sample size.
Final planning requires simulations of the actual block structure, missingness and crossed participant--recording variation.

Once a test partition has repeatedly influenced model or fea-
ture choices, it becomes development data for subsequent claims.
Holding out rows in a file is insufficient if their results guide iter-
ation (Dwork et al., 2015). The study record should show when
each partition was created, when its outcomes became accessible
and which choices followed that access. An external replication
provides a clearer boundary than repeatedly recycling one nomi-
nal test set.

Planning around an interpretable effect
Sample size should reflect the primary paired contrast and desired
precision around a scientifically relevant effect (Lakens, 2022).

Figure 5b uses a paired-normal test with known standard devia-
tion. For standardized paired effect d and N independent partici-
pants, power at two-sided @ = 0.05 is

P(N,d) = 1 - ®(z0.975 — dVN)

+ ®(~20.975 — dVN). (16)

Its assumptions are deliberately simpler than the proposed exper-
iment. The curve should not be used as though the effect or vari-
ance had already been observed in MI participants.

A pilot estimates task burden, response coverage, plausible re-
porting delay and the variability of the participant-level paired dif-
ference. These estimates inform a range of generative simulations
rather than a single optimistic effect. The simulations vary listener
heterogeneity, source-family effects, serial dependence, missing-
ness and the strength or sign of cross-task relations. The final
choice of N, attrition allowance, §* and stopping rule is frozen
before confirmatory recruitment.



The study should also be informative when the relation is ab-
sent. Simulations with a zero bridge test false-positive behaviour
and the calibration of the interval for A. Simulations with a re-
versed relation test whether the model becomes confidently wrong
or appropriately limits transfer. Parameter recovery alone is in-
sufficient: models can recover different parameterizations while
making nearly indistinguishable predictions. Both parameter and
model recovery, alongside predictive calibration, are needed.

Simulation conditions and diagnostics

The simulation matrix includes at least three relation regimes: no
cross-task dependence, dependence with the fitted sign, and de-
pendence opposite to the fitted sign. Each is crossed with low and
high auxiliary-response noise, weak and strong between-listener
heterogeneity, and realistic ranges of within-excerpt dependence.
Additional conditions examine uncertain history and non-random
loss of responses. Parameter values should cover pilot-compatible
ranges and deliberately adverse cases, with the generative assump-
tions reported.

For each condition, save the true states, generated observations,
committed predictions, posterior summaries and participant-level
errors. Compare the nominal and observed interval coverage for
A, the frequency of a positive claim under the null, the bias and
dispersion of the paired effect, and the frequency with which the
procedure selects an incorrect relation. Recovery plots must in-
clude failed or boundary fits. Discarding those runs would con-
ceal the conditions in which the proposed inference is unreliable.

For an estimated simulation probability p based on M indepen-
dent replications, report the Monte Carlo standard error

MCSE(p) = p-p)

- (a7)

Choose the number of replications so that simulation error is small
relative to the decision being made. A visually smooth power
curve is not enough. If independent replications are expensive,
a coarse exploration can identify the relevant region, followed by
a larger fixed simulation at the proposed operating point.

Items to freeze before confirmatory collection

The preregistration must identify the primary representation, state
dimension, task likelihoods, priors, global fitting data and numer-
ical update procedure. It must also specify the stimulus-family
partition, participant criteria, session schedule, common validity
mask, lag treatment, minimum coverage, primary contrast, in-
terval construction, practical-effect threshold and stopping rule.
Sensitivity analyses should be listed with their complete ranges.
Choices still unresolved in this draft must not be presented as if
they had already been preregistered.

The discovery analysis needs a separate record of feature fam-
ilies, transformations, lags, interactions, selection method and
multiplicity handling. After development, a dated confirma-
tion specification names the selected candidates and the indepen-
dent participants and recordings on which they will be tested.
Changes made after seeing confirmation data become explicitly
exploratory. This record makes an unexpected association assess-
able without requiring that every possible relation was anticipated
in the initial theory.

8. Adaptive questioning as a subsequent experiment

The initial study fixes task exposure so that all virtual models can
be compared on the same record. If relational updating proves

useful, a subsequent experiment can ask whether the next ques-
tion should depend on the current posterior. Bayesian preference
elicitation and goal-oriented experimental design provide relevant
precedents (Guo and Sanner, 2010; Attia et al., 2018). For a query
q and possible response R, one prediction-oriented rule is

q = argm;x {I(P*;Rq | D,q) —/lcost(q)}. (18)
The objective is uncertainty about a specified future pleasure tar-
get, not uncertainty about every model parameter. Cost can in-
clude time and burden, with its definition and trade-off fixed in
advance. A question that is highly informative about an unrelated
parameter need not be useful for this target.

A discovery objective would instead concern a candidate relation
set G. It could prioritize observations that distinguish a linear re-
lation from a context-dependent or absent one. Here G denotes
statistical alternatives; calling it a causal graph would require ad-
ditional assumptions and interventions. Prediction and discovery
objectives may select different questions and should be evaluated
separately.

The subsequent experiment would randomize participants, at
equal total query budgets, to direct-pleasure querying, a static
mixture of tasks or an adaptive mixture. Evaluation music and
the primary pleasure-scoring procedure remain fixed outside the
policy’s choices. This avoids defining success only on items the
policy preferred to ask about. Feedback-driven changes in musi-
cal discovery provide a related application context (Nonnemaker
et al., 2025), but recommendation success and the mechanism of
pleasure require their own outcome definitions.

Asking can change listening. A continuation probe may direct at-
tention, increase familiarity or alter the interpretation of later mu-
sic. Replaying alternative update rules over a completed record
cannot estimate the causal effect of having asked a different ques-
tion. Randomized policy assignment is therefore needed for that
claim. A further intervention could manipulate a frozen candidate
acoustic feature while matching relevant alternatives and measur-
ing off-target changes; reproducible prediction would guide that
experiment without completing its causal argument (Peters et al.,
2016).

9. Discussion

The proposed experiment tests a limited but consequential idea:
information about pleasure may be obtained through observations
that do not directly ask about pleasure. A familiarity report can
constrain one interpretation of a response; an expectancy choice
can constrain another. When those constraints are informative un-
der a well-specified joint model, they change the prediction of fu-
ture pleasure. The mathematical example makes that possibility
explicit and also shows why a mistaken relation can be harmful.

MTI’s potential contribution lies in making the representation and
assumed relations available for inspection. An investigator can
identify the acoustic inputs to a candidate, remove a connection,
replace a composite with its constituents, or ask which observed
response changed a personal prediction. This organization may
make failures easier to diagnose. The experiment must establish
whether it also provides predictive or scientific value beyond sim-
pler alternatives.

The broader discovery aim is compatible with this approach, pro-
vided the search remains open to unexpected dimensions and
equally open to null results. A feature without an existing plea-
sure label could become a useful candidate if it adds prediction
across listeners and music. Its present label neither disqualifies
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it nor supplies a mechanism. The relevant contribution would be
the reproducible relation, its conditions and the experiment it mo-
tivates.

Several limits remain. The audio representation contains interde-
pendent, historically developed hypotheses. History can be in-
complete or biased, continuous reporting can alter experience,
and different observation models can explain the same response
pattern. A compact personal state may be inadequate for context-
sensitive preferences. Conversely, a very flexible state may fit
noise or obscure the distinction between tasks. These risks moti-
vate staged recovery, matched comparators and a separate replica-
tion rather than a broad claim of personalization from one demon-
stration.

The protocol also preserves a distinction between updating the
model and changing the person. A model may learn to describe a
stable preference without the listener learning anything new. To
study listener learning, an experiment would manipulate exposure
or transition histories and measure expectation and pleasure sep-
arately for matched probes. Computational memory models such
as PPM-Decay offer one relevant way to formulate temporal hy-
potheses (Harrison et al., 2020); their predictions would still re-
quire an observation design that separates exposure, expectation
and reward.

At present, the personal posterior, its task interfaces and the con-
firmatory experiment are proposed work. Source inspection sup-
ports the architectural counts and selected routes shown here. An-
alytic calculations support the conditional statements about infor-
mation transfer. Neither is evidence that participants benefit from

the proposed model. That evidence would come from the commit-
ted predictions, their calibrated uncertainty and replication under
the boundaries specified in this protocol.

Data and code availability

No participant dataset accompanies this protocol. Editable figure-
generation code, analytic inputs and the manuscript source ac-
company this edition. The source audit records hashes for the
inspected engine files and the selected subgraph; it is an inspec-
tion record, not an end-to-end experimental validation. The ex-
isting MI architecture and its research-access arrangements are
described in the companion architecture manuscript. Future re-
leases should include de-identified response records where con-
sent permits, stimulus manifests, partition identities, committed
predictions and scoring code. Licensed waveforms and private
listening histories require their own access arrangements.
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