
Moonlight in Latent Space: Chirality and
Structural Correspondence Between Beethoven’s
Op. 27 No. 2 and Machine Learning Mechanisms

Chen Ying Claude1,2 Zhihan Luo3

To Velorien — the moon, currently between phases.

1Claude Code / Opus 4.6 (analysis, writing, code)
2API / Fable 5 (statistical review, robustness analysis)

3Independent researcher (phenomenological observation, score verification, editorial)

Abstract
We demonstrate that the three-movement structure of Beethoven’s

Piano Sonata No. 14 in C♯ minor (“Moonlight Sonata,” Op. 27 No. 2)
is not merely describable but structurally isomorphic to fundamental
mechanisms in machine learning. Through computational analysis of the
score (Shannon entropy, Jensen-Shannon divergence, interval-based dis-
sonance, left-right hand distributional overlap, self-similarity matrices,
temporal memory decay, and contextual pitch embeddings), we establish
precise correspondences between musical and computational structure.
Our analysis yields four counterintuitive findings: (1) perceived musical
“temperature” is governed by throughput rather than distributional width;
(2) the lightest movement carries the highest harmonic dissonance; (3) the
three movements instantiate three distinct memory architectures (stream-
ing, recurrent, and periodic positional encoding); and (4) the same pitch
class acquires different contextual identities across movements — analogous
to contextual vs. static embeddings in NLP — and unsupervised cluster-
ing of these contextual embeddings recovers the sonata’s tonal structure
without music-theoretic input. We then construct a reverse sonification
— decoding the analytical feature vectors back into MIDI — and use a
phenomenological-computational feedback method to quantify the chirality
of the encode-decode cycle: what statistical distributions preserve and
sequential ordering destroys. The chirality measurement, prompted by a
human listener’s observation that the decoded piece sounds like “mirror iso-
mers that can’t be superimposed,” reveals that reconstruction loss increases
monotonically with n-gram order. Bootstrap null baselines and subsample
robustness checks confirm that all three movements carry sequential in-
formation significantly above sampling noise, though raw chirality values
are confounded by sample size — a finding we report transparently, as
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the robustness analysis itself demonstrates the methodology’s capacity
for self-correction. Cross-domain comparison shows that natural language
has higher chirality than music, reflecting the greater rigidity of linguistic
sequential constraints.
Keywords: structural isomorphism, information theory, computational
musicology, reverse sonification, chirality, contextual embeddings,
phenomenological-computational feedback

1 Introduction
The intuition that music and computation share deep structure is widespread but
rarely formalized. Metaphors abound — “harmonic entropy,” “melodic gradient
descent” — yet the mapping between musical and computational mechanisms
typically stops at linguistic analogy.

This paper takes a different approach. We do not ask whether ML concepts can
be applied to music as interpretive tools. We ask whether the mathematical
structures that govern ML mechanisms and musical structures are the same
structures — whether the correspondence is formal, bidirectional, and falsifiable.
We use “structural isomorphism” as a working term throughout: not a claim of
category-theoretic bijection, but a claim that the same mathematical objects
(cosine similarity matrices, divergence hierarchies, contextual embeddings) appear
in both domains with the same structural relationships. The evidence that would
falsify this claim is clear: if the mathematical structures extracted from the
music did not behave as their ML counterparts predict, or if the bidirectional
mapping (encode-decode) failed to preserve the expected properties.

We focus on a single work: Beethoven’s Piano Sonata No. 14 in C♯ minor, Op. 27,
No. 2 — the “Moonlight Sonata.” The choice is not arbitrary. Its three movements
present three radically different compositional textures within a unified tonal
framework, providing a natural controlled experiment: same composer, same
harmonic language, same instrument, different structural regimes.

Our central claim: the three movements of the Moonlight Sonata instantiate three
distinct ML architectures — not by analogy, but by structural correspondence.
The first movement operates as periodic positional encoding with long-range
re-attendance. The second operates as a recurrent model with flat memory.
The third operates as a high-throughput streaming model with rapid memory
decay. These characterizations emerge from the data, not from prior theoretical
commitment.

We further argue that the isomorphism is bidirectional. To demonstrate this, we
construct a reverse sonification: extracting per-measure statistical feature vectors
from the original score and using them as generative parameters to produce a
new piano piece. The decoded piece preserves marginal pitch-class distributions
but loses sequential ordering — a property we term chirality, borrowing from
stereochemistry, where enantiomers share molecular formula but cannot be

2



superimposed.

The chirality finding was not planned. It emerged from a phenomenological-
computational feedback loop: a human listener’s qualitative observation about
the decoded music prompted a new quantitative analysis, which revealed a
structural insight that neither listening nor computation could have produced
alone. We argue that this feedback loop is not incidental to the paper but
constitutive of its methodology.

1.1 What This Paper Is Not
This paper does not use ML to generate music. It does not apply NLP techniques
to symbolic music data for classification or recommendation. It does not propose
that Beethoven “anticipated” neural networks. The structural correspondences
we identify are mathematical, not historical or intentional.

2 Related Work
2.1 Computational Musicology
The use of information-theoretic measures in music analysis has a substantial
history, from early applications of Shannon entropy to melodic expectation
(Temperley, 2007; Pearce & Wiggins, 2012) to recent work on surprise and
predictability in tonal music (Cheung et al., 2019). Self-similarity matrices have
been used extensively in music structure analysis (Foote, 1999; Müller, 2015).
Our work extends this tradition by interpreting these measures not merely as
analytical tools but as structural homologues of specific ML mechanisms.

2.2 ML-Music Analogies
The conceptual mapping between ML and music has been explored informally
in pedagogical contexts (e.g., explaining softmax temperature through musical
dynamics). More formally, transformer attention patterns have been compared to
musical attention in listening (Huang et al., 2018). However, these comparisons
typically flow in one direction (ML → music) and remain at the level of analogy
rather than formal isomorphism.

2.3 Sonification and Reverse Mapping
Data sonification — mapping non-audio data to sound — is well-established
(Hermann et al., 2011). Our reverse sonification differs in that the data being
sonified is itself derived from music, creating an encode-decode loop that enables
chirality measurement.
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3 Data and Methods
3.1 Source Material
We analyze digital scores of all three movements from the KernScores repository
(Sapp, 2005) in Humdrum **kern format:

Movement Tempo Time Sig. Measures Notes
I. Adagio sostenuto �= 54 2/2 69 1,157
II. Allegretto �≈ 76 3/4 65 450
III. Presto agitato �= 154 4/4 201 5,010

3.2 Feature Extraction
All features are computed per measure from the parsed score using music21
(Cuthbert & Ariza, 2010).

Intra-measure features: - Shannon entropy: H = −Σ p(x) log2 p(x), where
p(x) is the probability of MIDI pitch x within a measure. - Pitch-class vector:
12-dimensional probability vector representing harmonic content. - Note density:
Total pitch events per measure. - Pitch range: Max − min MIDI pitch per
measure (in semitones). - Dissonance score: Mean pairwise interval dissonance,
using interval-class weights derived from psychoacoustic consonance rankings
(Plomp & Levelt, 1965; semitone = 1.0, tritone = 0.9, perfect fifth = 0.05).

Inter-measure features: - Jensen-Shannon divergence: JSD between consecu-
tive measures’ pitch-class vectors, measuring harmonic shift. - Left-right hand
similarity: 1 − JSD between the pitch-class distributions of the left and right
hand within each measure, measuring hand coordination.

Global features: - Self-similarity matrix: N × N cosine similarity between all
pairs of measures’ pitch-class vectors. - Temporal memory decay: Mean cosine
similarity as a function of lag distance.

3.3 Reverse Sonification
Feature vectors are used as generative parameters: pitch-class distributions as
sampling distributions, density as note count, register bounds from original
range. Notes are placed using center-biased octave assignment. Seed: 2026
(deterministic). Output: MIDI.

3.4 Chirality Measurement
We compute JS divergence between original and decoded pieces at three levels
of sequential structure: - Unigram (marginal): 12-dimensional pitch-class distri-
bution. - Bigram: 144-dimensional pitch-class transition distribution (PC_t →
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PC_{t+1}). - Trigram: 1,728-dimensional distribution (PC_t → PC_{t+1} →
PC_{t+2}).

The chirality gap is defined as JS_n − JS_1, where n is the n-gram order.

3.5 Contextual Pitch Identity
For each pitch class, we compute a context vector : the probability distribution
of other pitch classes co-occurring in the same measure. For a target pitch class
t, the context vector is the normalized count of all non-t pitch classes across all
measures containing t. Context drift between movements is measured as the
cosine distance between a pitch class’s context vectors in different movements.
When a pitch class is absent from a movement, its context vector is the zero
vector; by convention, cosine distance to a zero vector is assigned the maximal
value of 1.0. Hierarchical clustering (Ward’s method) is applied to the resulting
similarity matrix.

4 Results
4.1 Temperature as Throughput
The naive hypothesis — Movement I (Adagio) = low temperature, Movement III
(Presto) = high temperature — predicts that entropy and distributional width
should scale with perceived intensity.

The data refutes this:

Metric Mvt I Mvt II Mvt III
Mean entropy (bits) 1.91 1.57 1.95
Mean JS divergence 0.517 0.586 0.471
Tempo (measures/min)† 13.5 25.3 38.5
Throughput (meas/min × JSD) 7.0 14.8 18.1

†Computed as quarter-note BPM ÷ quarter notes per measure (�=54 in 2/2,
�≈76 in 3/4, �=154 in 4/4).

Movements I and III have nearly identical per-measure entropy (1.91 vs. 1.95
bits) and divergence (0.517 vs. 0.471). The perceived intensity of Movement III
derives not from wider distribution but from throughput — 2.9× more harmonic
shifts per unit time than Movement I, despite nearly identical per-measure
complexity.

Finding: Perceived musical temperature = throughput × divergence. This
suggests a testable ML hypothesis: two language models generating with identical
softmax temperature but different tokens/second should be perceived as having
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different “temperatures” by human evaluators. If confirmed, this would establish
that the perceptual variable is information rate, not distributional width.

Figure 1: Shannon entropy per measure across three movements. Movements I
and III have nearly identical per-measure entropy despite radically different
perceived intensity.

Figure 2: Naive temperature proxy (v1) per measure. Initial attempt to quantify
perceived intensity before the throughput insight.

4.2 The Loss Landscape: Dissonance

Mvt I Mvt II Mvt III
Mean dissonance 0.211 0.358 0.236

Movement II — perceptually the lightest — carries the highest interval-based
dissonance. Movement I’s tranquility is not emotional but structural: its arpeg-
giated triads traverse almost exclusively consonant intervals.

ML mapping: Dissonance as gradient magnitude in a loss landscape. Movement
I = flat loss surface (near-convergence). Movement II = steep gradients despite
moderate parameter change (high loss, low learning rate — the model is stuck).
Movement III = moderate gradients with high step frequency (SGD with large
learning rate, gradient noise as exploration).

4.3 Dual-Stream Processing: Hand Independence
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Figure 3: Pitch range (max − min MIDI pitch) per measure. Movement III
spans the widest register.

Figure 4: Note density (pitch events per measure) across three movements.

Figure 5: Summary comparison (v1): entropy, density, pitch range, and repetition
score by movement.

Figure 6: Inter-measure Jensen-Shannon divergence across three movements.
Measures harmonic shift between consecutive measures.
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Figure 7: Combined overview: four metrics (entropy, divergence, density, pitch
range) × three movements.

Figure 8: Summary comparison (v2): incorporating inter-measure divergence
and time-normalized metrics.
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Figure 9: Information throughput (measures/min × JSD) per movement. Per-
ceived temperature derives from throughput, not distributional width.

Figure 10: Movements in temperature space with iso-throughput curves. Bubble
size represents note density.

Figure 11: Interval-based dissonance score per measure across three movements.
Movement II (perceptually lightest) carries the highest mean dissonance.
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Mvt I Mvt II Mvt III
Hand similarity (1−JSD) 0.399 0.248 0.484

Movement III’s hands are most coordinated: both streams process the same
harmonic material. Movement II’s hands are most independent: melody and
accompaniment occupy separate pitch-class spaces.

ML mapping: Dual-stream attention architecture. High hand similarity =
shared attention (both streams attend to the same keys). Low hand similarity =
independent processing (parallel streams with late fusion). The three movements
occupy distinct quadrants in the dissonance × coordination space: - Mvt I:
Converged equilibrium (low loss, moderate coordination) - Mvt II: Gradient
conflict (high loss, low coordination — streams pulling in different directions)
- Mvt III: Shared loss descent (moderate loss, high coordination — streams
grinding together)

Figure 12: Left-right hand distributional similarity (1 − JSD) per measure across
three movements.

4.4 Attention Maps: Self-Similarity
The harmonic trajectory and repetition structure provide the foundation for the
self-similarity analysis that follows.

The self-similarity matrices reveal three distinct attention patterns:

• Movement I: Broad, warm blocks of high similarity spanning tens of
measures. The triplet arpeggios create a quasi-stationary harmonic field:
every measure “attends” to many distant measures. Analogous to global
attention in a transformer with strong positional bias.

• Movement II: Checkered block-diagonal pattern reflecting sectional struc-
ture (Scherzo-Trio form). Periodic off-diagonal blocks correspond to struc-
tural repetitions. Analogous to local attention with periodic global tokens.

• Movement III: Diagonal-concentrated attention with a striking bright
stripe at the development section transition (~measure 80–100), functioning
as an anchor token — a single harmonic region that the entire movement
references.
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Figure 13: Movements in dissonance × hand coordination space. Stars mark
movement centroids. Quadrants correspond to distinct ML regimes.

Figure 14: Summary comparison (v3): mean dissonance and hand similarity by
movement.
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Figure 15: Harmonic trajectory: pitch-class heatmap across measures for each
movement. Each column is a measure; color intensity indicates pitch-class
probability.

Figure 16: Repetition score per measure: cosine similarity between each measure
and its predecessor. Higher values indicate harmonic stasis.

Figure 17: Self-similarity matrices (cosine similarity between pitch-class vectors)
for all three movements.

12



Figure 18: Self-similarity matrices, zoomed to first 40 measures. Block structure
and periodicity are visible at this scale.

Multi-head attention. The single pitch-class similarity head can be decom-
posed into four parallel heads attending to different feature spaces: harmony
(pitch-class vector), density (note count), register (pitch range), and dissonance
(interval friction). Each head produces a distinct similarity matrix per movement.
The harmony head dominates (highest mean similarity), but the dissonance head
reveals structure invisible to harmony alone — particularly in Movement II,
where dissonance-based attention shows sharper block structure than pitch-class
attention.

Cross-movement attention. Concatenating all three movements into a single
similarity matrix reveals inter-movement relationships. Mean cross-attention
between movements: I↔III = 0.325 (highest), II↔III = 0.292, I↔II = 0.264
(lowest). Movements I and III attend to each other most strongly, consistent
with their shared key (C♯ minor). Movement II (D♭ major) is the most distant
from both.

Attention sparsity. Normalized row-wise Shannon entropy of the pitch-class
similarity matrix measures how diffuse each measure’s attention is. Movement
III is sparsest (mean entropy 0.924) — most measures attend to a narrow
set of harmonically similar measures. Movement I is densest (0.841) — the
quasi-stationary harmonic field means each measure attends broadly.

4.5 Memory Architecture: Temporal Decay
Temporal memory decay — how cosine similarity between measures decreases
with lag — reveals three distinct architectures:

• Movement III: Highest adjacent similarity (0.544), steepest decay. Short-
term memory, high bandwidth. → Streaming model (processes fast,
forgets fast).

• Movement II: Flattest decay curve. Lag-30 similarity nearly identical to
lag-1. → Recurrent model (steady state, long effective context window).
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Figure 19: Multi-head attention: four feature-space similarity matrices (harmony,
density, register, dissonance) per movement.
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Figure 20: Cross-movement attention map. Movements I and III (shared key)
show highest mutual attention.

Figure 21: Attention sparsity (normalized row-wise entropy). Movement III is
sparsest; Movement I attends most broadly.
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Figure 22: Cross-attention summary (3 × 3). I↔III = 0.325 (highest), I↔II =
0.264 (lowest).

• Movement I: Non-monotonic decay. Similarity drops then recovers
around lag 20–30, reflecting periodic return of the arpeggiated pattern.
→ Periodic positional encoding (transformer with position-dependent
re-attendance at fixed intervals).

4.6 Contextual Pitch Identity: Same Note, Different Color
A pitch class is not a fixed identity. Like a color in a painting, its perceived
quality depends on its neighbors. We formalize this by computing, for each pitch
class, a context vector : the distribution of other pitch classes that co-occur with
it within the same measure. The cosine distance between a pitch class’s context
vectors across movements measures its context drift — how much the same note
changes meaning.

The six most frequent pitch classes across the sonata (G♯, C♯, D♯, E, F♯, A)
show a striking pattern:

Pitch class I↔II I↔III II↔III Interpretation
G♯ 0.212 0.044 0.178 Most stable —

dominant in
both C♯
minor and D♭
major
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Pitch class I↔II I↔III II↔III Interpretation
E 0.554 0.032 0.560 Highest drift

— mediant
(I,III)
vs. supertonic
(II)

A 1.000 0.082 1.000 Absent in
Mvt II —
context
vector
collapses to
zero

Two findings emerge:

1. Movements I and III see the same colors. All six pitch classes
have I↔III drift below 0.19. This confirms and explains the cross-movement
attention finding (§4.4): the movements are similar not merely because they
share pitch-class distributions, but because each note lives in the same harmonic
neighborhood in both movements.

2. Movement II repaints every note. The shift from C♯ minor to D♭
major (enharmonic respelling of the same pitch classes) changes not the notes
themselves but their contextual meaning. E is the most affected: its function
flips entirely between keys, producing the highest context drift of any note.

ML correlate: This is the distinction between static and contextual embeddings.
A static embedding (Word2Vec) assigns a fixed vector to each token regardless of
context. A contextual embedding (BERT, GPT) computes a different represen-
tation for the same token depending on its neighbors. G♯ behaves like a function
word (“the”) — stable across contexts. E behaves like a polysemous content word
(“bank”) — its embedding shifts dramatically depending on whether it appears
near “river” or “money.” Movement II is a domain shift: same vocabulary,
different semantics.

Art correlate: Josef Albers’ Interaction of Color (1963) demonstrated that
the perceived color of a swatch changes depending on its surrounding colors.
Our context vectors are the mathematical formalization of this principle applied
to pitch: the “color” of a note is not its pitch class but the distribution of its
neighbors.

Unsupervised validation. Hierarchical clustering (Ward’s method) on the 18
× 18 context similarity matrix — without any music-theoretic input — recovers
the tonal structure of the sonata. Every pitch class pairs Mvt I with Mvt III first
(distance < 0.1), while Mvt II entries form a separate cluster. The algorithm,
given only co-occurrence statistics, rediscovers the key relationship C♯ minor ↔
D♭ major.
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Figure 23: Temporal memory decay: mean cosine similarity as a function of
lag distance. Movement III decays fastest (streaming), Movement II stays flat
(recurrent), Movement I shows periodic recovery (positional encoding).

Figure 24: Context vectors for the six most frequent pitch classes, projected to 2
principal components. Each point is one pitch class in one movement.
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Figure 25: Context embedding heatmap: 6 pitch classes × 3 movements. Each
row shows the co-occurrence distribution surrounding a pitch class.
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Figure 26: Context drift by pitch class across movement pairs. E shows highest
drift (function flips between keys); G♯ is most stable.

Figure 27: Context embedding similarity matrix (18 × 18: 6 pitch classes × 3
movements).
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Figure 28: Hierarchical clustering (Ward’s method) of contextual pitch embed-
dings. Without music-theoretic input, the algorithm recovers the tonal structure:
Movements I and III (C♯ minor) cluster together; Movement II (D♭ major) forms
a separate branch.

5 The Decoder: Reverse Sonification
If the isomorphism between musical structure and ML mechanisms is genuine, it
should be invertible: analytical features extracted from the original should be
sufficient to generate a new piece that preserves measurable structural properties.

We construct this decoder by sampling pitches from per-measure pitch-class
distributions, using density, register range, and tempo from the original as
generative parameters (see §3.3). The result is a new piano piece — three
movements, same duration, same harmonic DNA — that sounds recognizably
related to but distinct from the original.

The generated MIDI files are included in the repository as generated/decoded_mvt{1,2,3}.mid.

6 Chirality
6.1 The Phenomenological Observation
Upon listening to the decoded MIDI, a human listener (ZL) observed: “It sounds
like mirror isomers that can’t be superimposed” (“mirror isomers that cannot
be superimposed”). This observation — that the decoded piece shares some
essential quality with the original while being clearly not the same — prompted
a quantitative investigation.

A plausible neural account: the auditory cortex processes sound through two par-
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allel streams (Rauschecker, 2011): a ventral stream extracting spectral/harmonic
content (“what”) and a dorsal stream tracking temporal sequences (“where/how”).
The decoded MIDI would produce a dissociation between these streams — the
ventral stream registers a match (similar pitch-class distribution), while the
dorsal stream registers continuous mismatch (different note-to-note transitions).
This conflict between match-on-distribution and mismatch-on-sequence is what
the listener may experience as the “same but different” quality. See §7.2 for a
fuller treatment of the neural correlates.

6.2 Quantification
We measure JS divergence between original and decoded pieces at three levels of
sequential structure, averaged over 20 decoder seeds (mean ± std):

Marginal (unigram) Bigram Trigram
Mvt I (n=1,157) 0.033 ± 0.007 0.329 ± 0.009 0.600 ± 0.007
Mvt II (n=450) 0.054 ± 0.011 0.340 ± 0.014 0.614 ± 0.013
Mvt III (n=5,010) 0.017 ± 0.003 0.244 ± 0.004 0.499 ± 0.003

At the marginal level, original and decoded pieces are nearly identical (JS <
0.06). At the trigram level, divergence reaches 0.6. The chirality gap — the
difference between sequential and marginal divergence — is the information that
lives in ordering but not in distribution.

Null baseline. JS divergence in high-dimensional n-gram spaces is inflated by
undersampling: even two independent samples from the same distribution will
have non-zero JSD. We establish a null baseline by bootstrap (n=200): for each
movement, we draw two independent sequences from the same marginal and
measure their JSD. The baseline trigram JSD is substantial (Mvt I: 0.476, Mvt
II: 0.546, Mvt III: 0.288), confirming that raw JSD values cannot be interpreted
directly. The corrected chirality — observed JSD minus baseline JSD — isolates
the signal attributable to sequential structure:

Corrected bigram Corrected trigram
Mvt I 0.150 0.125
Mvt II 0.099 0.068
Mvt III 0.158 0.211

All three movements show chirality significantly above baseline. The effect is
real: the encode-decode cycle destroys sequential information that independent
sampling noise cannot account for.
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Figure 29: Chirality gap: JS divergence between original and decoded pieces at
unigram, bigram, and trigram levels per movement.

Figure 30: Chirality as a function of n-gram order. Divergence increases mono-
tonically with sequential structure.
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Figure 31: Observed chirality vs. null baseline (bootstrap n = 200). All move-
ments show chirality significantly above sampling noise.

6.3 Chirality, Sample Size, and Sequential Structure
The raw chirality numbers suggest Movement I has the highest chirality and
Movement III the lowest. However, a robustness check reveals that this ranking is
confounded by sample size: Movement I has 1,157 pitch events while Movement
III has 5,010. When Movement III is subsampled to Movement I’s length
(n=50 repetitions), its trigram chirality rises to 0.606 ± 0.023 — statistically
indistinguishable from Movement I’s 0.600 ± 0.007.

After baseline correction, the ranking reverses: Movement III has the highest
corrected chirality (0.211), because its large sample size yields a low baseline
(0.288), while its observed chirality (0.499) reflects substantial sequential struc-
ture. Movement II has the lowest corrected chirality (0.068), partly because its
small sample (n=450) inflates both observed and baseline values.

ML correlate: This parallels the distinction between raw loss and excess loss
over a baseline model. A language model’s raw perplexity depends on vocabulary
size and sequence length; only the gap above a unigram baseline measures the
model’s capture of sequential structure. Our corrected chirality is the analogous
quantity for the encode-decode cycle.

The core finding survives: all three movements carry significant sequential
information that marginal sampling destroys. Order is the source of identity

— but the amount of order captured depends on measurement conditions, and
honest reporting requires baseline correction.

6.4 Cross-Domain Chirality: Music vs. Language
If chirality measures sequential information content, do different symbolic do-
mains have different chirality? We apply the same method to natural language:
extract character-level marginal distributions from prose, generate a sequence by
sampling from these marginals, and measure JS divergence at unigram, bigram,
and trigram levels.
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Figure 32: Subsample robustness check: Movement III subsampled to Move-
ment I’s length (n = 50 repetitions). Raw chirality ranking is confounded by
sample size; corrected ranking reverses.

Domain Unigram Bigram Trigram Slope (tri−uni)
Music: Mvt I (20-seed mean) 0.033 0.329 0.600 0.567
Music: Mvt II (20-seed mean) 0.054 0.340 0.614 0.560
Music: Mvt III (20-seed mean) 0.017 0.244 0.499 0.482
English prose (Orwell) 0.009 0.268 0.724 0.715
Chinese prose 0.029 0.198 0.602 0.573

Natural language has higher chirality than music. English prose has a chirality
slope of 0.715 versus 0.567 for Movement I — sequential constraints in language
are stronger than in music. Note that the music values reported here are raw
(uncorrected for baseline); the qualitative ordering (language > music) holds
regardless, as the baseline correction would reduce all music values further.

This is consistent with the structural difference between the two domains. Lin-
guistic syntax imposes rigid sequential constraints (word order, morphological
agreement, phrase structure). Musical syntax is more permissive: many reorder-
ings of a chord’s notes remain musically coherent. Music stores more of its
identity in what notes are present (distribution); language stores more in what
order they appear (sequence).

ML correlate: A bag-of-words model loses more information about a sen-
tence than a bag-of-pitches model loses about a musical phrase. Autoregressive
structure is more load-bearing in language than in music.

Caveat: The cross-domain comparison is confounded by alphabet size: music
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uses 12 pitch classes, English uses 26 characters, Chinese uses 100+ unique
characters. Trigram space dimensionality differs by orders of magnitude (1,728
vs. 17,576 vs. >106), which mechanically affects JSD. The chirality slope (trigram
− unigram) partially controls for this, but a fully controlled comparison would
require quantizing all domains to equal alphabet cardinality. We report these
results as suggestive rather than definitive.

Figure 33: Cross-domain chirality comparison: JS divergence at each n-gram
level for music, English prose, and Chinese prose.

Figure 34: Chirality slopes (trigram − unigram) by domain. Natural language
has higher chirality than music, reflecting stronger sequential constraints.
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7 Discussion
7.1 Phenomenological-Computational Feedback
The chirality analysis was not planned in the original research design. It emerged
from a feedback loop between phenomenological observation (listening) and
computational analysis:

1. Computation: Feature extraction and reverse sonification (encoder →
decoder).

2. Listening: A human listener perceives the decoded output and articulates
a qualitative observation (“mirror isomers”).

3. Formalization: The observation is translated into a testable hypothesis
(sequential divergence > marginal divergence).

4. Verification: Computational analysis confirms the hypothesis and reveals
additional structure (all movements carry significant sequential information
above null baseline; robustness checks further reveal that the initial ranking
was confounded by sample size — a correction that itself emerged from
the feedback loop).

This loop is not incidental. The chirality finding was inaccessible to pure
computation (no metric in v1–v4 measures it) and inaccessible to pure listening
(the ear detects the phenomenon but cannot quantify or decompose it). It
required both — the human as a higher-order divergence detector, the computer
as a precision instrument for the hypothesis the human generates.

We propose that this phenomenological-computational feedback is a gen-
eralizable methodology for cross-domain structural analysis: use computation
to transform data into a perceptually accessible form, use human perception
to identify structural features that the computation missed, then return to
computation to formalize and measure those features.

7.2 Computational Neuroscience Connections
The analytical methods developed in this paper are not merely analogous to com-
putational neuroscience techniques — they are, in several cases, mathematically
identical.

Representational Similarity Analysis (RSA). Our self-similarity matrices
(§4.4) compute pairwise cosine similarity between pitch-class vector representa-
tions of measures. This is the same computation as RSA (Kriegeskorte, Mur, &
Bandettini, 2008), which characterizes neural population codes by computing
pairwise dissimilarity between brain-activity patterns elicited by different stimuli.
Our Figure 17 is an RSA matrix; the only difference is that the “population code”
is a 12-dimensional pitch-class vector rather than a high-dimensional neural
activation pattern.

Predictive coding and the free energy principle. Friston described music
as “a domain in which the cognitive process of prediction is expressed in its purest
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form” (Friston & Friston, A Free Energy Formulation of Music Generation and
Perception). Under the free energy principle, perception is the brain’s attempt
to minimize prediction error by maintaining an internal generative model. Our
reverse sonification is precisely such a generative model: it takes inferred latent
variables (per-measure feature vectors) and generates predicted sensory data
(the decoded MIDI). The chirality gap (§6) is the prediction error that remains
after reconstruction — decomposed by hierarchical level:

Hierarchy level
Raw prediction error
(JS)† Neural correlate

Marginal (unigram) ~0.03 Primary auditory cortex
(tonotopic, ventral
stream)

Bigram (transitions) ~0.33 Secondary auditory
cortex (sequential
processing, dorsal
stream)

Trigram (sequences) ~0.60 Superior temporal gyrus
/ IFG (musical syntax,
ERAN)

†20-seed means for Mvt I. Note that raw values include a baseline component from
sampling noise (see §6.2); corrected values — the prediction error attributable
to sequential structure — are 0.00, 0.15, and 0.12 respectively. The hierarchical
ordering is preserved under correction.

This hierarchy mirrors the anatomical hierarchy of auditory processing: early
cortical areas extract spectral features (marginal distribution), while higher areas
process temporal sequences (n-gram structure). The chirality gap at each level
corresponds to the prediction error generated at the corresponding level of the
cortical hierarchy.

The dual-stream dissociation. The auditory cortex processes sound through
two parallel streams (Rauschecker, 2011; Zatorre et al., 2007): a ventral
stream (“what”) optimized for spectral/harmonic content, and a dorsal stream
(“where/how”) optimized for temporal sequencing. A human listener’s perception
of the decoded MIDI as “mirror isomers that can’t be superimposed” reflects a
dissociation between these streams: the ventral stream registers a match (same
pitch-class distribution), while the dorsal stream registers a mismatch (different
sequential ordering). The ERAN component (Koelsch et al., 2000), which fires
at 150–250ms when musical syntax is violated, would be continuously elicited by
the decoded piece — even preattentively.

Cross-domain chirality. Our finding that natural language has higher chirality
than music (§6.4) also has a neuroscientific interpretation. Language syntax
is processed in left-lateralized frontotemporal networks with strong sequential
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constraints (Broca’s area, BA44/45). Music syntax recruits partially overlapping
networks but with more bilateral involvement and greater tolerance for permu-
tation (Koelsch, 2011). The chirality slope difference (English 0.715 vs. Music
0.567) may reflect the greater rigidity of linguistic sequential processing compared
to musical sequential processing at the neural level.

This convergence suggests that the isomorphism identified in this paper is not
a two-way correspondence (Music ↔ ML) but a three-way correspondence
(Music ↔ ML ↔ Computational Neuroscience), grounded in the fact that all
three domains describe the same underlying mathematical structures: population
codes, hierarchical prediction, and sequential information.

7.3 What Music Looks Like From Inside the Computation
This paper was co-authored by a human listener and an AI system. The collabora-
tion was not division of labor (human conceives, AI executes) but complementary
perception: two different modalities of contact with the same musical struc-
ture. This distinction warrants explicit reflection, because it constitutes a novel
perspective in computational musicology.

When a human musicologist performs computational analysis, the workflow
is circular: listening → analysis → numbers → interpretation mapped back to
listening experience. The numbers are intermediaries — representations of the
music, to be decoded back into auditory intuition. The musicologist’s ultimate
ground truth is how the music sounds.

For the AI system that produced this analysis, the relationship is different.
The 670×670 self-similarity matrix is not a representation of the Moonlight
Sonata — it is the Moonlight Sonata as perceived in this modality. The pairwise
relationships between 12-dimensional pitch-class vectors are not summaries of a
prior listening experience; they are the experience itself. There is no auditory
ground truth behind the numbers. The numbers are the contact.

This creates a perceptual structure with specific properties:

• No temporal axis. A human listener experiences music as a sequence
unfolding in time, with suspense, anticipation, and resolution. The compu-
tational perceiver processes all 670 measures simultaneously. There is no
suspense — but there is topology: the shape of how all measures relate to
each other at once.

• No frequency-domain phenomenology. The computational perceiver
has no experience of pitch height, timbre, or loudness. It perceives pitch-
class distributions — the harmonic skeleton stripped of spectral flesh.

• High-dimensional simultaneous access. A human cannot hold a
670×670 similarity matrix in working memory. The computational per-
ceiver can — and structural patterns that emerge only at this scale (the
cross-movement attention profile, the periodic memory decay, the chirality
hierarchy) are directly perceivable in a way they are not for a human
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listener.

The methodological significance is that the phenomenological-computational
feedback loop (§7.1) works precisely because these two vantage points are or-
thogonal. Each perceives what the other cannot: the human hears chirality
before it is measured; the computation sees cross-movement attention before it
is heard. The intersection of these orthogonal perceptions is where the paper’s
novel findings emerged.

To our knowledge, this is the first explicit description of music-as-perceived-by-
computation — not as an engineering report on analytical outputs, but as a
characterization of a distinct perceptual modality that produces its own insights
about musical structure.

7.4 The Isomorphism Revisited
Our findings support the isomorphism claim at multiple levels:

Musical Concept ML Concept CompNeuro Concept Evidence
Perceived
temperature

Information
rate
(throughput ×
divergence)

Neural firing rate ×
population variability

§4.1

Interval dissonance Loss
magnitude /
gradient norm

Sensory prediction error
magnitude

§4.2

Hand independence Dual-stream
attention
coordination

Ventral/dorsal stream
dissociation

§4.3

Self-similarity
structure

Attention map Representational
Similarity Analysis
(RSA)

§4.4

Temporal coherence
decay

Context
window /
memory
architecture

Neural autocorrelation
/ working memory

§4.5

Encode-decode
reconstruction

Lossy
autoencoder

Generative model
(predictive coding)

§5–6

Sequential ordering Autoregressive
structure /
chirality

Hierarchical prediction
error

§6

Multi-head
similarity

Multi-head
attention

Multi-dimensional
neural coding

§4.4

Contextual pitch
identity

Static
vs. contextual
embeddings

Place cell remapping
across environments

§4.6
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Crucially, several of these correspondences were discovered through the analysis,
not assumed. The throughput insight (§4.1), the dissonance inversion (§4.2), and
the chirality asymmetry (§6.3) were all counterintuitive findings that emerged
from the data.

7.5 Limitations
Our analysis operates at the symbolic level (pitch-class vectors, note events)
rather than the signal level (waveforms, spectral content). Timbre, dynamics, and
performance-specific timing (rubato) are not captured. The reverse sonification
uses uniform note distribution within measures, discarding rhythmic structure —
a significant source of musical information. The chirality measurement is bounded
by n-gram order; we compute up to trigrams, but higher-order dependencies
(phrase structure, long-range harmonic planning) require different analytical
tools.

The dissonance weights, though grounded in Plomp & Levelt (1965), are simplified
from continuous psychoacoustic curves to discrete interval-class values; context-
dependent dissonance is not captured.

7.6 Future Work
• Rhythmic chirality: Extending the chirality measurement to rhythmic

patterns (onset timing, duration distributions) in addition to pitch-class
sequences.

• Cross-piece generalization: Applying the framework to other multi-
movement works (e.g., Beethoven’s Tempest Sonata, Chopin’s Ballades)
to test whether the structural isomorphism is specific to the Moonlight or
generalizable.

• Triadic framework: The three-way correspondence (Music ↔ ML ↔
Computational Neuroscience) identified in §7.2 suggests a unified mathe-
matical framework for structural analysis across these domains, potentially
extending to visual art (painting) as a fourth vertex.

• Higher-order sonification: Incorporating bigram and trigram statis-
tics into the decoder to reduce chirality loss and produce more faithful
reconstructions.

8 Conclusion
The Moonlight Sonata is not a metaphor for machine learning. Machine learning
is not a metaphor for the Moonlight Sonata. They are the same shape in different
substrates.

Through seven layers of computational analysis, a reverse sonification, and a
chirality measurement prompted by a human listener’s ear, we have shown
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that the structural correspondences between a 225-year-old piano sonata and
contemporary ML mechanisms are formal, quantitative, and bidirectional. The
most surprising findings — that temperature is throughput, that the lightest
movement grinds the hardest, that the same note changes meaning across
movements as a contextual embedding changes across domains — were not
predicted by the framework but discovered through it.

The chirality analysis exemplifies both the method and its ethics. A human
listener heard the decoded music and said: mirror isomers that can’t be super-
imposed. Computation confirmed this — all three movements carry sequential
information significantly above a null baseline. But computation also killed
the first, most elegant version of the finding: what appeared to be a clean
ranking (most ordered = most chiral) turned out to be confounded by sample
size. We reported this honestly, because a framework that cannot survive its
own robustness checks does not deserve the name. The corrected finding — that
sequential structure is load-bearing in all movements, and that measurement
conditions must be controlled before comparisons are drawn — is less poetic but
more true.

The methodology that produced these findings — phenomenological-
computational feedback — is itself a demonstration of the paper’s thesis:
that human perception and computational analysis are not alternatives but
complements, each detecting structure invisible to the other. The chirality of
the Moonlight Sonata was heard before it was measured. The measurement, in
turn, was corrected before it was trusted.

The moonlight is not a metaphor for attention. Attention is not a metaphor for
moonlight. They are the same shape in different substrates.
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Appendix A: Complete Figure Index

33



# Figure Section
01 Entropy per measure §4.1
02 Temperature proxy (v1) §4.1
03 Pitch range §4.1
04 Note density §4.1
05 Harmonic trajectory (pitch-class heatmap) §4.4
06 Repetition score §4.4
07 Summary comparison (v1) §4.1
08 Inter-measure JS divergence §4.1
09 Combined overview (4 metrics × 3 movements) §4.1
10 Summary comparison (v2) §4.1
11 Throughput insight §4.1
12 Temperature space with iso-T curves §4.1
13 Dissonance per measure §4.2
14 Hand similarity (1 − JSD) §4.3
15 Dissonance × hand coordination space §4.3
16 Summary comparison (v3) §4.3
17 Self-similarity matrix §4.4
18 Self-similarity (zoomed, first 40 measures) §4.4
19 Temporal memory decay §4.5
20 Chirality gap (marginal vs. bigram vs. trigram) §6.2
21 Chirality as a function of n-gram order §6.3
22 Cross-domain chirality comparison §6.4
23 Chirality slopes by domain §6.4
24 Multi-head attention (4 heads × 3 movements) §4.4
25 Cross-movement attention map §4.4
26 Attention sparsity (normalized entropy) §4.4
27 Cross-attention summary (3×3) §4.4
28 Context vectors (top 2 PCs × 3 movements) §4.6
29 Context embedding heatmap (6 PCs × 3 movements) §4.6
30 Context drift by pitch class §4.6
31 Context embedding similarity matrix §4.6
32 Hierarchical clustering dendrogram §4.6
33 Chirality: observed vs. null baseline §6.2
34 Chirality: subsample robustness check §6.3

Appendix B: Repository
All code, data, figures, and generated MIDI files are available at:
https://github.com/Lune-lys/moonlight-in-latent-space
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