Moodify Engineering Report Draft

Moodify: An Explainable Post-Processing and
Quality Evaluation Framework for Al-Generated

Music

Xuanzhen Zhu
Moodify Sound Laboratory, Rongjing Wenchuan (Shenzhen) Technology Co., Ltd., Shenzhen, China

Manuscript type: Engineering Report draft for internal review and experimental completion

Abstract—Al-generated music can be compositionally complete while still exhibiting production-level
defects such as spectral imbalance, weak vocal presence, unnatural dynamics, unstable stereo imaging,
and processing artifacts. This engineering report presents Moodify, an explainable post-processing and
quality-evaluation framework designed for full-mix Al-generated music. The current stable implementa-
tion provides an operational pipeline from audio import to six-band analysis, rule-based diagnosis, preset-
driven digital signal processing, waveform export, and treatment-record generation. A research layer
extends this baseline with a five-dimensional acoustic state representation, Wave Health Score (WHS),
Emotion Development Score (EDS), Moodify Reality Score (MRS), risk models, quality gates, and ver-
sioned processing history. MRS measures weighted distance from a reference feature distribution across
spectrum, dynamics, transients, space, texture, temporal stability, and artifacts. The report also defines
a theory-experiment-engineering-data loop intended to prevent unsupported theoretical concepts and
unvalidated code from entering production. The contribution is an auditable engineering architecture
and a reproducible validation program; superiority over human mastering or commercial systems is not
claimed. Controlled-degradation tests are implemented, while large-scale listening evaluation and cross-
genre calibration remain future work.

Keywords—audio quality assessment; automatic music production; digital signal processing; explainable
systems; music mastering
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1 Introduction

Text-to-music and audio-generation systems
have substantially reduced the cost of producing
complete musical recordings. The generated
output, however, is not necessarily equivalent to
a release-ready master. In practice, a generated
full mix may contain excessive or insufficient
low-frequency energy, recessed vocal pres-
ence, harsh high-frequency texture, narrow or
unstable dynamics, exaggerated stereo width,
inconsistent spatial cues, or cumulative pro-
cessing artifacts. These defects are difficult to
address with a single global objective because
production quality, perceptual quality, and
artistic intention are related but non-identical.

Automated mastering and intelligent music
production have been studied through rule-
based systems, machine-learning approaches,
differentiable audio effects, and online services.
Comparative work has shown that automated
mastering can be evaluated meaningfully only
when objective measurements are combined
with subjective listening tests [1]. Differentiable
signal-processing systems can estimate effect
parameters and achieve competitive results in
selected tasks [2], while data-driven automatic
mixing remains constrained by data availabil-
ity, generalization, and perceptual evaluation [3].
These observations motivate a system that is not
merely an “enhance” button but an auditable
workflow in which measurements, processing de-
cisions, risks, and results are recorded.

This report introduces Moodify, an engineer-

ing framework for Al-music post-processing. Its

present contribution is not a new generative

model. It is a structured layer after generation
that attempts to answer seven operational ques-
tions: (1) what is the acoustic state of the input;

(2) which defects are measurable; (3) which pro-

cessing chain is appropriate; (4) what risks may

be introduced; (5) whether the output is techni-
cally improved; (6) whether the artistic target is
better represented; and (7) whether the result
and its history can be reproduced.

The primary contributions are:

1. an operational, local-first baseline pipeline for
full-mix audio;

2. a transparent mapping from measured fea-
tures to diagnosis and DSP parameters;

3. three complementary internal scores for tech-
nical health, target-direction movement, and
reference-distribution distance;

4. a multi-stage quality-gate and rollback design;
and

5. a theory-experiment-engineering-data loop
for cumulative knowledge production.

2 Related Work

2.1 Automatic Production and Mastering

Automatic music production has progressed
from heuristic equalization and dynamics control
toward learned parameter estimation and end-
to-end optimization. Ramirez et al. integrated
non-differentiable black-box effects into a train-
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able system and demonstrated applications in-
cluding automatic mastering [2]. Later work ex-
plored automatic mixing with out-of-domain mul-
titrack data and subjective evaluation by experi-
enced engineers [3]. A comparative JAES study
found that human engineers and automated ser-
vices can produce measurably and perceptually
different masters, reinforcing the need for con-
trolled, multidimensional evaluation rather than
simple loudness comparison [1].

Recent unified restoration and mastering re-
search has begun to address multiple defects in
a single controllable model, including tonal im-
balance, clipping, reverberation, and stereo nar-
rowing [4]. Moodifydiffers in its current stage
and design goal: it uses a conservative rule-
based baseline and a modular research layer, em-
phasizing interpretability, rollback, treatment
records, and incremental calibration rather than
claiming end-to-end generative restoration.

2.2 Objective and Subjective Quality As-
sessment

Objective audio quality metrics have well-known
limitations. ITU-R BS.1770 specifies programme
loudness and true-peak measurement [5]; ITU-
R BS.1387 specifies perceptual evaluation of
audio quality [6]; and ITU-R BS.1534 defines
MUSHRA for controlled subjective assessment
[7]. Fréchet Audio Distance (FAD) was proposed
as a reference-free distributional metric for mu-
sic enhancement and showed higher correla-
tion with human judgments than several signal-
domain distances in its validation setting [8].
These methods demonstrate that no single scalar
fully represents musical quality. Accordingly,
Moodifytreats scalar scores as internal decision
aids rather than universal truth.

2.3 Open Audio Engineering Components

The current implementation uses established
open-source components. librosa provides
music and audio analysis utilities [9]; Spo-
tify’s pedalboard provides programmatic au-
dio effects and rendering [10]; and harmonic-
percussive source separation by median filter-
ing provides a lightweight decomposition route
for experimental workflows [11]. The contribu-
tion of Moodifylies in how measurement, diag-
nosis, processing, risk, evaluation, and version
records are organized, not in claiming ownership
of these underlying operators.

3 Design Scope and Principles

Moodifyis defined as an acoustic diagnosis, sec-
ondary processing, quality evaluation, and craft-
memory system for Al-generated music. It does
not generate lyrics, melody, or performance, and

it is not a complete digital audio workstation.

The stable baseline is intentionally deterministic

and conservative.

Five principles constrain the system:

1. Explainability: each processing action must
correspond to a diagnosed condition or se-
lected craft objective.

2. Non-destructive operation: the source file
is preserved and outputs are separately ver-
sioned.

3. Multiple criteria: loudness, spectral bal-
ance, dynamics, space, artifacts, and artistic
direction are not collapsed prematurely.

4. Candidate before replacement: a new al-
gorithm may generate a candidate output but
does not automatically become the accepted
version.

5. Reproducibility: parameters, metrics, soft-
ware version, and decision records should be
recoverable.

4 System Architecture

4.1 Stable v0.1 Mainline

The stable mainline implements the sequence
shown in Fig. 1. The public repository identi-
fies vO1 pipeline.py as the sole orchestrator
for version 0.1.0. It calls analysis, rule-based
diagnosis, a preset-selected DSP chain, export,
and report generation [12].

The API exposes health, preset-listing, and pro-
cessing endpoints. The canonical process path
accepts an uploaded file, resolves one of three
presets, runs the stable pipeline, and returns ei-
ther a WAV file or JSON metadata. A 50 MB up-
load limit is used in the current implementation.
A repository snapshot fortagv0.1.0-alpha.lre-
ports 20 tests for the v0.1 path and 104 tests
across baseline, legacy, and experimental mod-
ules, all passing at the time of that snapshot [12].
This is an implementation-status result, not evi-
dence of perceptual superiority.

4.2 Acoustic Analysis

The baseline analyzer computes file duration,
sample rate, channel count, peak level, crest fac-
tor, a short-time dynamic-range estimate, left-
right correlation, and relative energy in six
bands. Let X[k] be the windowed discrete
Fourier transform and B, the bins of band 4. The
relative band-energy descriptor is

_ Xges, XK

E, = =52 © -
P XK €

(1)

with the reported decibel feature proportional to
20log,, vEy + €. The six bands are listed in Ta-
ble 1.
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Figure 1: Stable Moodify v0.1 processing mainline. Research modules are maintained separately until valida-

tion and integration requirements are met.

Table 1: Baseline frequency bands.

Band Range (Hz)
Sub 20-60

Bass 60-250
Low-mid 250-500
Mid 500-2000
Presence 2000-5000
Air 8000-16000

Dynamic range is estimated as the difference
between the 95th and 5th percentiles of RMS
level in 100 ms windows. Stereo correlation uses
Pearson correlation between left and right chan-
nels. These features are inexpensive and inter-
pretable, but they do not fully represent timbre,
masking, musical structure, or perceived artistic
quality.

4.3 Rule-Based Diagnosis

The stable diagnostic layer applies explicit
thresholds to identify prominent or weak low-
frequency energy, excessive or insufficient pres-
ence, missing air-band energy, narrow or ex-
treme dynamics, and potentially problematic
stereo correlation. The output includes is-
sues, strengths, an overall label (good, fair, or
poor), and suggested presets. This layer delib-
erately does not use machine learning, retrieval-
augmented generation, or online calibration. Its
value is traceability; its weakness is limited
genre and context sensitivity.

4.4 DSP Chain and Presets

The baseline contains three presets:
warm_vocal, clean master, and wide space.
Each defines 15 parameters covering vocal-
presence edqualization, low-frequency warmth,
compressor ratio/attack/release/threshold,
reverberation, width, harmonic drive, and high-
shelf air enhancement. The current effect order
is

4.5 Research Layer

The repository also contains diagnosis, knowl-
edge, risk, optimization, orchestration, physics,
safety, calibration, and memory modules that are
not all connected to the v0.1 public processing
path. Table 2 separates stable and research ca-
pabilities.

5 Quality Representation and

Scores

5.1 Five-Dimensional Acoustic State

The research layer represents a recording by
W={S D PLE} (3)

where S denotes spectrum, D dynamics, P spa-
tial properties, L layer-related descriptors, and
E emotion-related descriptors. This is an inter-
nal engineering coordinate system rather than a
claim that music has exactly five objectively com-
plete dimensions.

Processing is modeled as a state transition

W, = F(Wy,p), (4)

where p is a vector of controllable DSP parame-
ters. A target-oriented optimization may be writ-
ten as

P’ = argmind(F(Wo.p). Wr) + AR(p),  (5)

with distance d, target state Wr, risk R, and risk
weight .
5.2 Wave Health Score

Wave Health Score (WHS) is an internal 0-100
technical-health indicator. For diagnostic dimen-
sions d with health scores ¢; and weights wy,

S wg=1. (6)
d

The current implementation derives dimension
scores from classified defect severities. WHS is

WHS = " waqa,
d

Peak EQ — Low Shelf —+ Compressor — Reverb — Distientitad -toHiginshrelfhetGaimedsmritble techni-

(2)
The limiter uses a nominal —1 dBFS ceiling. The
presets are starting points, not universal targets.
The current baseline does not yet synthesize all
15 parameters dynamically from the diagnosis;
it either uses a selected preset or a suggested
preset path.

cal defects are present; it is not a complete artis-
tic score.
5.3 Emotion Development Score

Emotion Development Score (EDS) measures
whether processing moves an internal process

Treatment
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Table 2: Implementation maturity separation.

Layer Implemented stable baseline Research or partial integration
Input/output WAV/MP3/FLAC input; WAV export; asynchronous catalogue process-
JSON report ing; platform-scale storage
Analysis six-band energy, peak, crest factor, five-dimensional state, 18-
dynamic range, L/R correlation parameter diagnosis, temporal
and texture descriptors
Decision rule thresholds; three preset sug- candidate search, RAG recommen-
gestions dation, craft cards
Processing fixed 15-parameter DSP presets HPSS-assisted processing, multi-
candidate rendering, adaptive pa-
rameter selection
Evaluation before metrics and diagnosis WHS, EDS, MRS, multi-stage risk
and quality gates
Memory report files and treatment records  calibrated case retrieval, version

capital, full-catalogue re-rendering

vector toward a selected target vector. Let z,
z,, and zy denote the original, processed, and
target vectors. The implementation uses

|Zz1 — zr|2 ) _ 7

EDS =100 (1 e
lzo — z7|l2 + €

Positive values indicate movement toward the
target under the defined mapping. Current tar-
get vectors are provisional and require listening-
based calibration; therefore EDS must not be
presented as a validated emotion-perception
standard.

5.4 Moodify Reality Score

MRS is a reference-distribution distance score.
The implementation extracts groups of features
for spectrum, dynamics, transients, space, tex-
ture, temporal stability, and artifacts. For fea-
ture j in group g, with reference mean p,; and
standard deviation o,;, the group distance is

_ ing Lgj — Hgj ?
dg_\ln,gZ(Ugj+e ' (8)

j=1

The total distance and score are

Dp = Z agdy, MRS = 100e D=, 9)
g

where o, are nonnegative weights. The current
default weights are 0.20 for spectrum, 0.15 for
dynamics, 0.10 for transients, 0.15 for space,
0.20 for texture, 0.15 for temporal stability, and
0.05 for artifacts. MRS is conceptually related to
reference-free distributional assessment such as
FAD [8], but it is a handcrafted feature-distance
measure and has not yet demonstrated compara-
ble perceptual validation.

5.5 Composite Decision and Quality Gates

A candidate may be ranked by a composite objec-
tive

J = B1AWHS + 8,EDS — 3R, (10)

but no single scalar is sufficient for release. The
research design includes three gates: diagno-
sis completeness, decomposition quality, and
output compliance. The output gate considers
loudness, true peak, loudness range, peak-to-
loudness ratio, width, low-frequency correlation,
and fatigue risk. Some checks, including com-
plete distortion and mono-compatibility logic, re-
main placeholders and are explicitly treated as
unfinished.

6 Theory-Experiment-Engineering-
Data Loop

A recurring failure mode in experimental soft-
ware is divergence between conceptual docu-
ments and production code. Moodify addresses
this by requiring bidirectional synchronization
among theory, experiments, engineering, and
data, as illustrated in Fig. 2.

Theory Executable
hypothesis engineering

A

Y
Data and Controlled
failure cases experiment
Figure 2: Theory-experiment-engineering-data loop.
Evidence may confirm, bound, or reject a hypothesis.

A theoretical concept becomes operational
only after the sequence

concept — variable —+ measurement — experiment — imp
(11)
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Conversely, repeated disagreement between pre-
dictions and listening evidence requires revision
of the theory. The experiment layer permits ag-
gressive or failed approaches; the stable layer
accepts only reproducible modules with bound-
aries, bypass, rollback, fallback, and regression
testing.

7 Preliminary Validation Program

7.1 Controlled-Degradation Tests

The repository contains a directional MRS val-
idation script that constructs controlled degra-
dations from reference audio. Table 3 summa-
rizes the current test design. These tests exam-
ine whether a metric responds in the expected
direction; they do not establish correlation with
human preference.

7.2 Required Listening Validation

A submission-ready perceptual study should use
loudness-matched conditions and a double-blind
procedure. A practical first protocol would
include at least 30 tracks across multiple Al-
generation systems and genres, original and pro-
cessed conditions, hidden identity, and separate
ratings for naturalness, clarity, fatigue, spatial
coherence, intention preservation, and overall
preference. MUSHRA principles should be used
where appropriate [7]. Listener expertise should
be recorded, and reliability, confidence intervals,
effect sizes, and inter-rater consistency should
be reported.

7.3 Ablation and Benchmarking

The following ablations are necessary:

¢ analysis plus no processing;

* each preset separately;

e full chain without reverb, compression, har-
monic drive, or width change;

 fixed preset versus candidate search;

* quality gate enabled versus disabled;

* MRS components individually removed.

Comparative baselines should include the unpro-

cessed input, a simple loudness-normalized out-

put, at least one established automated master-

ing service where licensing permits evaluation,

and preferably a human-engineered condition.

These experiments are future work and no com-

parative superiority is asserted in this report.

8 Discussion

8.1 Engineering Value

The baseline demonstrates that an AI-music post-
processing product can be organized as a trans-
parent sequence rather than a black-box en-

hancement claim. The measurements are inex-
pensive, the rules are interpretable, and the ef-
fects chain is reproducible. The modular sepa-
ration between stable and research paths is par-
ticularly important: it allows ambitious metrics
and candidate-selection logic to evolve without
destabilizing the current processing entry point.

8.2 Knowledge Accumulation

The long-term value of the system depends less
on any individual equalizer or compressor than
on paired causal records:

Ri = {Wi0,Pi, Wi1,AQ;, R;, L, Fi }, (12)
where L; is listening feedback and F; is a failure
label. Such records support retrieval, calibra-
tion, boundary discovery, and regression testing.
Public audio files alone do not provide this causal
structure.

8.3 Limitations

The current system has important limitations.
The stable diagnosis is based on coarse fixed
thresholds. Preset parameters are not fully
adapted to each track. Some research metrics
rely on provisional mappings and weights. The
MRS reference distribution has not yet been doc-
umented with a sufficiently large, diverse, and
independently reviewed dataset. The output
quality gate contains unfinished checks. Full-
mix processing cannot replace multitrack mix-
ing, and a technically healthier output may still
violate artistic intention. Finally, generated mu-
sic is heterogeneous; defects associated with
one model or genre may not generalize to an-
other.

9 Roadmap to a Research-Grade
System

The immediate research program is:

1. freeze a versioned evaluation dataset with
provenance and licensing records;

2. implement standards-aligned loudness, true-
peak, mono compatibility, and distortion
checks;

3. conduct controlled MUSHRA-style listening
experiments;

4. estimate correlations between WHS, EDS,
MRS, and human ratings;

5. calibrate parameter ranges by genre and de-

fect type;

. publish failure cases and negative results;

. connect validated research modules to the sta-

ble pipeline only after regression testing; and

8. implement non-destructive versioned render-
ing from preserved source masters.

~N O
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Table 3: Controlled-degradation validation design implemented for MRS.

Category Example manipulations Directional expectation

Spectrum high-frequency boost; high- degraded variants should generally obtain
frequency attenuation; multi- lower MRS than the reference
band flattening

Dynamics strong compression; clip- reduced naturalness or stability should in-
ping/limiting; section- crease distance
dependent gain instability

Space excessive side-channel gain; spatial anomalies should be reflected in the
inter-channel delay; mono space component
collapse

Temporal stability late-section high-frequency late degradation should increase temporal and
boost, gain drift, and spec- artifact distance
tral spikes

Artifacts clipping ratio, abnormal higher artifact incidence should reduce MRS
peaks, narrow  spectral
spikes

10 Conclusion

This engineering report presented Moodify, an
explainable framework for post-processing and
evaluating Al-generated music. The current
stable system implements audio import, in-
terpretable measurement, rule-based diagnosis,
three DSP presets, WAV export, and treatment
records. The research layer adds multidimen-
sional state representation, WHS, EDS, MRS,
risk models, quality gates, candidate generation,
and historical memory. The central architec-
tural contribution is not a claim that one score
defines good music, but a disciplined evidence
chain in which theory must become measurable,
processing must be reversible, and candidate
outputs must be evaluated before release. The
system has reached an operational engineering-
prototype stage. Its next scientific require-
ment is not more conceptual complexity, but re-
producible datasets, standards-aligned measure-
ments, ablation studies, and controlled human
listening evidence.

Code and Data Availability

The current Moodify source repository is publicly
accessible under the license stated in the repos-
itory [12]. Audio samples, third-party generated
music, and future listening-test data require sep-
arate rights and consent management. No pro-
prietary or private audio was used in preparing
this manuscript draft.
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