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ABSTRACT

This research examines the computational and musical principles of generative-music systems: audio
representation, neural compression, sequence modeling, diffusion-based synthesis, data preparation,
conditioning, and creative control. Suno Al serves as the central applied case study. Published research on
Bark, EnCodec, MusicGen, MusicLM, AudioLDM 2, Stable Audio Open, and symbolic music-generation
systems provides distinct, verifiable technical examples.

The analysis differentiates published model architectures, first-party descriptions of Suno products, and
production hypotheses that require testing. Conditional calculations explain the relationship among sampling
frequency, codec frames, quantizer codebooks, and bitrates. The practical chapters investigate prompts,
lyrics, song form, arrangement cues, instrument and vocal descriptions, editing, and repeatable assessment
methods.

Suno’s current model architecture is not fully public. Accordingly, this study uses open research systems to
explain established engineering methods and examines Suno through its documented features and creative
workflows. Distinctions between a published model, an illustrative calculation, and a commercial product are
maintained throughout.

QUESTIONS ADDRESSED

How do learned audio representations, generative models, and training datasets make music synthesis
possible? What can published systems reveal about long-form structure and creative control? And how can
musicians use Suno’s tools systematically without mistaking the application’s controls for a disclosure of its
underlying architecture?

SCOPE AND METHOD

The analysis combines published audio-generation research with Suno’s documented music-creation
functions. Equations describe model families and clearly stated numerical examples, not a reverse-engineered
Suno implementation. Bark, MusicGen, MusicLM, AudioLDM 2, Stable Audio Open, and symbolic music
generators are distinct technical comparators. References identify published findings, while the practical
chapters offer procedures readers can use to test their own outputs.
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PART |. AUDIO REPRESENTATION AND MATHEMATICAL
FOUNDATIONS

Chapter 1. Computational challenges in music generation

1.1 Waveforms, sampled audio, and musical time

Audio Sound Finished
m# Style cues |—> representation synthesis track

Conceptual overview. Individual systems may combine or skip stages.

Figure 1.1. A Conceptual Route from Musical Request to Sound. One broad way of organizing text-conditioned music generation. The exact
stages depend on the model.

In an illustrative workflow, a musical request is converted into conditioning information, a generative model
produces an audio representation, and the system renders audible sound. These functions need not
correspond to separate processing stages. In particular, an explicit music-planning module or discrete audio-
token stream is not a requirement of all generative-music architectures.

In acoustic settings, sound propagates as pressure variations. Digital audio represents an analog signal
through samples recorded at a specified sampling frequency. For the illustrative 24 kHz mono signal used
here, one channel contains 24,000 samples per second:

Duration Sample calculation Mono sample count at 24 kHz
One second 24,000 x 1 24,000
One minute 24,000 x 60 1,440,000
Three-minute song 24,000 x 180 4,320,000

Note. Stereo carries two channels; the table counts samples in only one. Bit depth and channel count also
influence storage size. Sample count and token count are distinct measures and cannot be compared as
equivalent information units.

GENERATIVE MUSIC SYSTEMS 4



The engineering problem is to generate coherent musical audio over several minutes while managing
computational cost, temporal context, fidelity, and controllability. Direct waveform modeling is possible, but
its long sequences can be computationally expensive. Learned representations and efficient generation
architectures offer alternative approaches.

1.2 Music as overlapping constraints

A generated track may need to sustain rhythmic continuity, melodic development, harmonic movement,
consistent timbre, intelligible vocals, formal sections, transitions, spatial presentation, and a deliberate ending.
These requirements operate across different musical and acoustic time scales. Referring to them as model
“decisions” is metaphorical; it does not imply a discrete planning module in Suno.

1.3 Central design trade-offs
e Longer context versus memory and computation.
e Higher compression ratios versus reconstruction fidelity.
e Diversity versus style adherence and structural coherence.
e Dataset breadth versus provenance, balance, and duplication control.
e Instruction specificity versus probabilistic output variability.

e Local realism versus global arrangement.

1.4 Musical time: from beats to seconds

Musical time is organized at several levels. A beat is a perceived pulse; tempo describes the rate of that pulse;
meter groups beats into recurrent patterns of emphasis; and rhythmic density describes how frequently
events occur. They are related but not interchangeable. A high-tempo track can still use sparse percussion,
and a slow track can contain rapid subdivisions.

A useful calculation for a beat defined by the quarter note is
beat duration (seconds) = 60 / tempo (quarter-note BPM).

At 120 quarter-note BPM, a beat occupies 60/120 = 0.5 seconds . In 4/4 meter, one bar then lasts

4 x 0.5 = 2 seconds ; two bars last four seconds. In 3/4 at the same quarter-note tempo, a bar lasts 3 x 0.5
= 1.5 seconds . These calculations require the beat unit and meter to be specified. A notation such as 120
BPM without the beat unit can conceal ambiguity in compound meters, and automated tempo trackers can
favor half-time or double-time interpretations.
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Two bars of 4/4 at 120 BPM

Eight quarter-note beats - 0.5 seconds per beat - 4 seconds total

1 2 3 4 1 2 3 4
0.0s 0.5s 1.0s 1.5s 2.0s 2.5s 3.0s 3.5s

Bar 1 Bar 2

Each grid cell represents one beat, not an audio sample or a codec token.
Meter organizes accents; tempo specifies beat rate. Neither guarantees model compliance.

Figure 1.2. A two-bar time grid. The figure translates quarter-note beats into seconds for a stated tempo and meter; it is not a claim about
a model’s internal clock.

This vocabulary makes prompt requests testable. “Faster,” “busier,” and “more energetic” may describe
different qualities. A controlled comparison should vary one specified feature: for example, an estimated tempo
change, a change in onset density, or a listener-rated increase in energy. Rhythm and meter can be analyzed
with music-information-retrieval methods, but automatic analysis requires an explicit error check [33, 36].

Selected references: 14, 27

Chapter 2. Neural audio coding and tokenization

2.1 Discrete acoustic representations

Audio Sound

Codec example. Not every generative system uses discrete audio tokens.

Figure 2.1. Audio Coding into Discrete Indices. A codec-token example, not a universal music-generation architecture.
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https://hai.stanford.edu/research/a-generative-model-for-raw-audio-using-transformer-architectures
https://research.google/pubs/wavenet-a-generative-model-for-raw-audio/

In codec-token architectures such as Bark or MusicGen, a neural codec converts audio into compact discrete
representations that a model can learn to predict. These units are called tokens or codebook indices. Other
generative architectures can use continuous latent representations or model waveforms directly. The figure
illustrates an audio-codec path, not a universal step in every music generator.

This chapter uses Meta EnCodec as a documented example of neural audio coding. A neural codec encodes
audio into latent representations and, in discrete-codec designs, maps them into indices from learned
codebooks. A decoder reconstructs audio from those indices. Codebook indices represent learned acoustic
information; they do not inherently correspond to notes, chords, or instrument labels.

The illustrative configuration uses 1,024 entries per codebook. An index into a 1,024-item codebook requires
10g2(1024) = 10 bits, before framing or other coding overhead. Multiple codebooks may represent a single
short time frame.

2.2 Codec rate and codebook calculations
Assume, solely for this example:

e Samplerate f s = 24,000 samples/second .

e Encoder hop size H = 320 samples/frame.

e Framerate f frame = f s / H = 75 frames/second .
e Number of codebooks K.

e Codebook size V = 1,024 entries, requiring log2(V) = 10 bits/index.
Then:
indices per second = f frame x K

nominal index bitrate = f frame x K x log2(V)

Example Codebooks K Indices per second Nominal index bitrate
Four-codebook 4 75 x4 =300 300 x 10 = 3,000 bit/s (3 kb/s)
representation
Eight-codebook 8 75 x 8 = 600 600 x 10 = 6,000 bit/s (6 kb/s)
representation

Dividing 24,000 samples per second by 300 or 600 indices per second yields 80 or 40 respectively. These
ratios compare counts in different representations and should not be interpreted as codec-frame duration or
a PCM compression ratio. In this example, each codec frame spans 320 input samples; multiple codebook
indices describe that same frame.

2.3 Worked comparison: codec index rate versus PCM storage

For a hypothetical 24 kHz, mono, 16-bit PCM signal, the uncompressed payload rate is 24,000 x 1 x 16 =
384,000 bit/s, or 384 kb/s. Comparing that with the 3 kb/s four-codebook index example gives 384/3 =
128:1; the 6 kb/s eight-codebook case gives 384/6 = 64:1. These are nominal payload ratios under stated
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