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Abstract

We introduce the String Ensemble Chords Dataset (SECD), a large-scale controlled composi-
tional audio dataset comprising 287,088 harmonic-interval and chord instances constructed
through additive superposition of professionally recorded isolated string notes from the
Philharmonia Orchestra into duo-, trio-, and quartet-like four-voice mixtures. Each mix-
ture includes exact per-voice metadata for absolute pitch, dynamic marking, and playing
technique, and the corpus is organised into six dataset groups covering harmonic inter-
vals, triads, and seventh chords under loose and strict metadata-consistency conditions.
To demonstrate dataset utility, we define four representative and reproducible reference
benchmarks: ensemble size recognition, triad chord quality identification, per-instrument
dynamics classification, and playing technique-family recognition. Baseline Audio Spec-
trogram Transformer (AST) models achieve test accuracies of 98.67%, 93.73%, 98.19%, and
99.39%, with corresponding macro-F1 scores of 98.64%, 93.73%, 98.01%, and 97.29%, under
a complete-instance-disjoint, in-domain evaluation protocol. These results provide repro-
ducible reference performance for the selected SECD tasks and demonstrate the corpus’s
utility for controlled analysis of harmonic, timbral, dynamic, and textural attributes in
classical string audio. The full SECD corpus is released through Zenodo as constructed
audio mixtures with accompanying metadata, while the project GitHub repository provides
the EXP1–EXP4 benchmark code, saved split definitions, and the mini-SECD demonstration
package for lightweight reproducibility.

Keywords: music information retrieval; audio classification; string instruments; chord
recognition; dataset; audio spectrogram transformer; transfer learning; playing technique;
dynamics; in-domain evaluation

1. Introduction
The automated analysis of Western classical ensemble music presents a set of acousti-

cally challenging problems that remain insufficiently addressed in the Music Information
Retrieval (MIR) literature. Unlike isolated instrument recognition or single-voice pitch
estimation, ensemble audio combines the timbral signatures of multiple co-occurring instru-
ments into a single waveform, requires sensitivity to per-instrument expressive attributes,
and demands that harmonic structure be analysed together with performance-related varia-
tion. Progress in this area has been limited not only by the difficulty of the signal-processing
problem, but also by the scarcity of large-scale, finely annotated datasets targeting this
acoustic domain.
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In chamber string performance, polyphonic texture is musically meaningful because
the sounding result emerges from interactions among simultaneous instrumental voices
rather than from the presence of independent notes alone. Studies of string quartet perfor-
mance show that ensemble playing involves interdependence across timing, intonation,
dynamics, timbre, and articulation, with performers continuously adapting to one another
during performance [1–3]. Perception studies likewise show that instrumental combina-
tions may fuse, segregate, or produce emergent timbral identities depending on spectral
and temporal relationships among the voices [4]. The SECD is not intended to reproduce
this full interactional layer of live chamber performance. It is instead a controlled composi-
tional audio dataset constructed through additive superposition of professionally recorded
isolated string notes, representing interval and chord events as reproducible polyphonic
audio objects with exact per-voice ground truth.

Existing MIR resources address adjacent problems but do not provide a controlled
benchmark for polyphonic string chord analysis with per-voice expressive metadata.
Datasets such as the RWC Music Database [5] and MedleyDB [6] provide recordings
of complete musical pieces or multitrack material, but their annotations are not designed
for per-instrument dynamic and technique attributes within isolated chord events. The
IRMAS dataset [7] targets instrument recognition from real recordings, while URMP [8]
provides score-aligned multitrack ensemble audio across a heterogeneous instrument set.
These resources are valuable, but they do not jointly provide controlled harmonic vo-
cabularies, string-only chord mixtures, per-voice pitch, dynamics, and playing-technique
metadata, and reproducible benchmark tasks for ensemble size, chord quality, dynamics,
and technique-family recognition.

This gap is important in the current phase of MIR research. Deep learning architectures
have substantially advanced audio classification and representation learning, but their long-
term scientific value depends on reusable annotated corpora as much as on model design.
Peeters argues that annotated datasets are among the most sustainable components of MIR
research because they remain usable across successive modelling paradigms [9]. This is
especially relevant for fine-grained instrumental analysis. Conventional musical instrument
recognition under ordinary playing conditions has been studied extensively, whereas
instrumental playing technique recognition remains comparatively underdeveloped and
has been identified as a major next step for the field [10]. Existing resources for extended
techniques, such as OrchideaSOL, provide detailed isolated-note material, but remain
monophonic at the level of the annotated audio event [11]. The SECD addresses this
complementary gap by providing polyphonic string interval and chord events annotated
not only by harmonic structure, but also by ensemble size, instrument identity, pitch,
dynamics, and playing technique.

Recent advances in transformer-based and self-supervised audio representations
further motivate a controlled benchmark for this domain. Recent work on learning from
audio mixtures has highlighted that the performance of self-supervised representations
under polyphonic conditions involving multiple overlapping sound sources remains an
important evaluation problem [12]. The Audio Spectrogram Transformer (AST) [13], based
on the transformer architecture [14] and related to the Vision Transformer formulation [15],
is pre-trained on the AudioSet ontology [16] and has shown strong transfer properties across
audio classification tasks. However, such representations have not been systematically
evaluated on the specific challenges of polyphonic classical string audio, where harmonic,
timbral, dynamic, and voice-multiplicity information coexist in a single mixed signal.

A further motivation for an audio-domain dataset is that notation and chord labels do
not fully determine the acoustic event. The score provides an abstract representation of
musical structure, but the realised sound depends on performance-mediated factors such
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as bowing, articulation, dynamic shaping, timbral control, and ensemble balance [1,17].
Consequently, chord labels such as “major”, “minor”, or “diminished” are treated here as
controlled nominal targets attached to realised audio, rather than as complete descriptions
of the perceptual or performance content of the sound.

This paper makes the following contributions:

1. We release the String Ensemble Chords Dataset (SECD), comprising 287,088 anno-
tated harmonic-interval and chord instances constructed through additive superposi-
tion of professionally recorded isolated string notes from the Philharmonia Orchestra
into controlled duo-, trio-, and quartet-like four-voice configurations (Section 3).

2. We establish four representative and reproducible reference benchmark tasks for
ensemble size recognition, chord quality identification, dynamics classification, and
playing technique recognition, with deterministic train/validation/test splits and
reported baseline results (Section 5).

3. We characterise the controlled source-note reuse inherent in compositional datasets
constructed from finite pools of isolated recordings, quantify its extent in EXP2, and report
a complementary EXP2 source-note-disjoint diagnostic with zero exact source overlap
between the retained development pool and the diagnostic test set (Sections 4 and 5.3).

4. We provide a reproducibility package through the project GitHub repository, in-
cluding mini-SECD metadata-compatible placeholder WAV files, pre-computed mel
spectrogram tensors, benchmark scripts, saved split definitions, and a demonstration
notebook for validating the benchmark code path on CPU hardware (Section 8).

2. Related Work
2.1. MIR Datasets and Benchmarks

Annotated audio corpora have been central to progress in MIR. The RWC Music
Database [5] established an early standard for structured music collections with genre, beat,
and chord labels. MedleyDB [6] advanced the field by providing stem-level multitrack
recordings with instrument activity annotations, enabling source separation and predomi-
nant instrument recognition research. More recently, FSD50K [18] provided a large-scale
general-purpose sound event dataset based on AudioSet categories, while URMP [8] of-
fered score-aligned recordings of small ensembles with per-instrument audio tracks. The
SECD differs from these corpora by combining controlled compositional construction for
large-scale corpus generation, fine-grained per-instrument expression metadata, and an
explicit focus on chord-level analysis in string-ensemble audio.

2.2. Chord Recognition

Automatic chord recognition from audio has been studied extensively, particularly
for popular music, where systems typically label continuous audio streams with chord
symbols. Deep learning approaches, including Korzeniowski and Widmer’s deep chroma
extractor [19] and subsequent work incorporating duration models [20], have achieved
strong results on popular music chord datasets. Reviews of the broader chord recognition
landscape are provided by McVicar et al. [21].

The chord-quality problem addressed in the SECD differs from this setting in three
respects. First, samples are isolated chord events rather than continuous audio streams.
Second, the instrument set is restricted to bowed strings. Third, the harmonic vocabulary
includes diminished and augmented triads as well as seventh-chord qualities, including the
half-diminished seventh. Large-vocabulary chord recognition remains difficult because ex-
tended chord types may differ by subtle chromatic alterations and because real-world music
corpora often exhibit long-tailed chord distributions [22]. Recent work has therefore moved
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toward sequence-aware and attention-based architectures, including the Bi-directional
Transformer for Chord Recognition and ChordFormer [22,23].

The SECD is complementary to this line of work. Rather than addressing frame-level
chord recognition in complete musical recordings, it provides controlled polyphonic audio
events with explicit annotations for harmonic interval type, triad quality, seventh-chord
quality, instrumentation, voicing, pitch, dynamics, and playing technique. This makes it
suitable for evaluating harmonic structure under controlled string-ensemble conditions
while separating the task from score alignment, segmentation, key estimation, and full-song
harmonic tracking.

2.3. Ensemble Size and Voice-Multiplicity Recognition

Compared with instrument recognition and chord recognition, automatic ensemble size
classification has received relatively limited attention in MIR. Grollmisch et al. [24] studied
ensemble size classification in Colombian Andean string music recordings, formulating the
problem as the estimation of the number of instruments present in an audio mixture. This
line of work is relevant to the SECD because it treats voice multiplicity as an audio-inference
problem rather than as metadata available from a score or recording description.

The SECD differs from this prior setting in both construction and scope. Whereas
Grollmisch et al. focus on real recordings from a specific regional string tradition, the SECD
provides controlled harmonic-interval and chord events across duo-, trio-, and quartet-like
string configurations. In EXP1, ensemble size recognition is formalised as a three-class
benchmark over monaural mixture signals, allowing systematic evaluation of whether a
model can infer the number of simultaneously sounding string voices under controlled
harmonic, registral, and timbral conditions.

2.4. Harmony, Pitch Combination, and Perceptual Ambiguity

Although chord recognition is often formalised as symbolic label estimation, the per-
ception of harmonic sonorities is shaped by more than abstract interval content. Studies of
pitch combinations show that chord perception depends on the arrangement of component
tones, register, tonal context, memory, and perceptual grouping [25,26]. Simultaneous inter-
vals are also influenced by sensory consonance, roughness, harmonicity, fusion, musical
training, and enculturation [26].

This literature provides context for interpreting the SECD’s chord-quality benchmark.
The task does not assume that a chord label fully determines perceptual harmony. Instead,
it provides a controlled setting in which nominal harmonic categories can be studied as
realised string audio under fixed instrumentation, duration, and metadata conditions.

2.5. Instrument Recognition and Playing Technique Classification

Predominant instrument recognition from polyphonic audio [27,28] has attracted
sustained attention, with convolutional neural networks achieving strong performance
on the IRMAS benchmark [29]. However, identifying the instrument category is a coarser
problem than identifying how the instrument is played. Instrumental playing techniques
(IPTs) modify the spectral, temporal, and articulatory properties of instrumental sound
and are central to musical expressivity. Lostanlen et al. [10] argue that extended playing
techniques constitute a major next step for musical instrument recognition because ordinary
instrument recognition does not address the fine-grained sound-production categories used
in performance practice.

Recent work has continued to emphasise the difficulty of instrumental playing tech-
nique detection. Labelled data are scarce, and technique classes are often highly imbal-
anced because ordinary playing styles occur more frequently than specialised techniques.
MERTech addresses these limitations using a self-supervised pre-trained model with multi-
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task fine-tuning for instrumental playing technique detection [30]. Other work on bowing-
gesture classification in violin performance has shown that bowing-related performance
categories can be discriminated using machine-learning methods applied to performer
motion data, although such studies typically remain limited to solo-instrument settings
and do not address polyphonic audio mixtures [31].

The SECD extends this line of work to polyphonic string mixtures. In EXP4, each
present instrument voice is assigned to one of four broad sound-production families: bowed,
col legno, harmonic, or plucked. This family-level formulation is more conservative than
21-class atomic technique recognition and reflects the severe imbalance of the underlying
technique labels while preserving musically meaningful distinctions between major sound-
production regimes in string performance. The complete per-voice metadata retain the
original fine-grained technique labels, enabling future work on atomic or hierarchical
playing-technique classification without requiring changes to the dataset ontology.

2.6. Timbre, Dynamics, and Ensemble Perception

The classification tasks defined in the SECD are grounded in perceptual dimensions
central to musical listening. Timbre is commonly treated as a multidimensional perceptual
attribute that cannot be reduced to pitch, loudness, duration, or spatial position, and it plays
a central role in source identification, auditory grouping, and instrument tracking [4]. This
is particularly relevant for polyphonic string textures, where individual voices may remain
perceptually segregated, partially blend, or contribute to an emergent composite sonority.

Dynamics are likewise not reducible to scalar amplitude. Changes in playing level
can alter spectral properties such as spectral centroid and spectral spread, meaning that
perceived dynamics depend jointly on loudness and timbral change [4]. This observation
motivates the EXP3 dynamics task, where dynamic categories are inferred from spectro-
temporal patterns rather than from global signal energy alone.

Playing techniques also correspond to acoustically meaningful sound-production
categories. In string performance, bowing and articulation choices shape the acoustic signal
and are part of the performance-mediated transformation from score to sound [1,17]. The
SECD’s technique-family benchmark therefore targets broad sound-production regimes
while avoiding the stronger claim that technique labels exhaust the expressive meaning of
a performance.

This distinction also positions the SECD relative to work on real ensemble performance.
Papiotis et al. [3] model string quartet performance as an interdependent process in which
timing, intonation, dynamics, timbre, and articulation are coupled across performers.
Multimodal quartet-performance resources such as the QUARTET dataset [32] address
this ecological interaction layer. The SECD targets a complementary problem: controlled
chord-level audio classification with systematic per-voice metadata.

2.7. Transformer-Based Audio Representations

The Audio Spectrogram Transformer [13] adapts the Vision Transformer architecture [15]
to audio by treating mel spectrograms as sequences of two-dimensional patches. Pre-trained
on AudioSet [16] with 527 audio event categories, the AST has achieved state-of-the-art
performance on multiple audio classification benchmarks and demonstrated strong transfer
learning properties across diverse acoustic domains. Research on transfer learning and
representation learning has shown that models pre-trained on large-scale audio collections
can capture spectro-temporal features relevant to music analysis [33–35]. More recently,
MERT demonstrated that music-specific self-supervised pre-training can support a broad
range of downstream music-understanding tasks [36]. The SECD provides a systematic
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evaluation of AST-based transfer learning on the fine-grained string ensemble classification
tasks defined in this work.

2.8. Comparison with Existing Datasets

Table 1 positions the SECD against representative existing datasets across the dimen-
sions most relevant to the tasks it supports. While several corpora provide multitrack or
multi-instrument recordings, we are not aware of an existing corpus that combines the
scale, per-instrument expression annotations, and controlled interval/chord vocabulary
required for the four benchmark tasks defined in this work.

The NSynth dataset [37] is the closest precedent in terms of construction methodology:
it also uses isolated note recordings to build a large-scale synthesis corpus, but targets
single-note timbre modelling rather than polyphonic chord analysis, and does not encode
dynamics or playing technique as explicit target labels. OrchideaSOL [11] provides a
comprehensive catalogue of orchestral extended techniques, but at the level of individual
notes rather than ensemble chords. URMP [8] provides score-aligned ensemble recordings
with per-instrument tracks, enabling separation and transcription research, but covers a
heterogeneous instrument set with limited chord-level annotation and no explicit dynamics
or technique labelling. MedleyDB [6] and the RWC Music Database [5] focus on complete
musical pieces at the track or section level, making them unsuitable for the isolated chord
classification tasks addressed here.

The SECD is distinctive in simultaneously providing: (1) polyphonic interval and
chord events at scale (287K instances); (2) per-instrument dynamic and technique metadata
in every sample; (3) a controlled interval/chord vocabulary spanning three complexity
levels; and (4) deterministic, reproducible experimental splits for the benchmark tasks.
Together, these properties enable a class of classification benchmarks that, to our knowledge,
is not jointly supported by an existing corpus.

Table 1. Comparison of SECD with representative related datasets. ✓ = directly supported;
∼ = partially supported; — = not available.

Dataset Domain Scale Synth Chord Dyn. Tech. Per-Inst. Strings

SECD (ours) Strings/chords 287K clips Yes ✓ ✓ ✓ ✓ ✓
NSynth [37] Multi-inst. 305K notes Yes — ∼ ∼ — ∼
OrchideaSOL [11] Orchestral 13K notes No — ✓ ✓ ✓ ✓
URMP [8] Multi-inst. 44 pieces No — — — ✓ ∼
MedleyDB [6] Pop/Jazz 122 tracks No — — — ✓ —
RWC [5] Classical/Pop 315 pieces No ∼ — — — ∼
IRMAS [7] Multi-genre 6.7K clips No — — — — ∼
Bach10 [38] Baroque str. 10 pieces No — — — ✓ ✓

3. Dataset Construction
3.1. Source Material and Acoustic Basis

The SECD is constructed from the Philharmonia Orchestra Sound Samples library [39],
a professionally recorded collection of isolated notes covering a broad range of pitches,
dynamics, and playing techniques for orchestral instruments. The released SECD corpus
does not redistribute the original isolated solo recordings. Instead, it contains controlled
compositional audio mixtures created through additive superposition of selected string-
note recordings into harmonic-interval and chord instances.

The mixture construction uses four string voice roles: cello, viola, violin 1, and violin 2.
The violin 2 voice is not an independently recorded source instrument; it is implemented
as a spectrally differentiated derivative of the violin source recordings via a fixed, mild
transformation consisting of −0.15 semitone detuning, low-frequency emphasis, and high-
frequency attenuation. This procedure differentiates the two violin roles and avoids exact
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waveform duplication in quartet-like textures while preserving the nominal pitch label
and musical voice function. The resulting violin 2 voice is a fixed role-specific component
of the SECD construction procedure, rather than a full acoustic or performative model of
independently recorded second-violin performance. The present benchmark design does
not isolate the individual contribution of this transformation from instrument role, sample
support, quartet-only context, or the overall mixture configuration.

A corpus-level property inherited from the source material is the predominance of
standard bowed string production, especially arco-normal. From an acoustical perspective,
sustained bowed-string tone production is closely associated with stable Helmholtz motion,
the stick–slip vibration regime underlying the characteristic full tone of bowed string
instruments [40,41]. From a performance-practice perspective, arco-normal represents the
default sound-production mode of orchestral bowed strings, whereas techniques such as
col legno, pizzicato, harmonics, sul ponticello, and related articulations function as more
specialised or colouristic resources [41,42].

This musical and acoustical asymmetry is also reflected at the corpus-construction
level. The initial pool of professionally recorded solo notes contains substantially more
standard bowed material than special-technique material. Because the SECD is generated
by combinatorially superposing source-note recordings, this source-level distribution is
inherited by the derived interval/chord corpus and amplified at the instance and pooled
voice-instance levels. Consequently, the dominance of arco-normal and, after family-
level mapping, of the broader bowed class is an expected corpus property rather than an
uncontrolled annotation bias.

3.1.1. Rationale for String-Only Instrumentation

The Philharmonia Orchestra Sound Samples library provides a broader instrumental
palette than the one used in the SECD, including standard orchestral instruments as well as
guitar, mandolin, banjo, and percussion [39]. The restriction to cello, viola, violin 1, and
violin 2 is therefore a design decision rather than a limitation of the source material.

The first motivation is musical and structural. Violin, viola, and cello belong to a his-
torically established chamber-music domain in which duo, trio, and quartet configurations
provide canonical models of polyphonic string texture. Focusing on this ensemble tradition
allows SECD to model chordal string writing in a way that remains close to mainstream
chamber repertoire while avoiding the broader and stylistically heterogeneous setting of
full-orchestra writing.

The second motivation is perceptual. Because these instruments belong to the same
bowed-string family and occupy partially overlapping registral and timbral regions, their
mixtures create conditions in which source identity, voice separation, and the perceived
number of simultaneous voices are non-trivial. This formulation is consistent with timbre-
perception research showing that timbre supports source identification and auditory group-
ing, while instrumental combinations may segregate, blend, fuse, or form emergent com-
posite sonorities [4]. It is also consistent with interval and polyphony research showing that
simultaneous tones may fuse perceptually and that musical-interval perception is affected
by register, timbre, context, and grouping mechanisms [26].

The third motivation is methodological. Holding the instrument family constant
allows SECD to vary ensemble size, chord type, dynamics, and playing technique while
reducing the risk that broad cross-family timbral contrasts dominate the classification
tasks. SECD therefore follows a controlled experimental strategy: complexity is introduced
along selected musical dimensions while the global instrumental family is held fixed.
The spectrally differentiated violin 2 part should be understood as a pragmatic device
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for constructing quartet-like four-voice string textures, not as a full acoustic model of
second-violin performance practice [1,2].

Each individual note recording is preprocessed to a uniform format: mono, 22.05 kHz
sampling rate, and 2.0 s duration by trimming or zero-padding. Phrase recordings are
excluded to retain isolated note events. Harmonic interval and chord waveforms are then
constructed by linear superposition of the constituent solo note recordings:

x(t) =
N

∑
i=1

si(t), (1)

where N ∈ {2, 3, 4} denotes the ensemble size and si(t) is the i-th instrument’s note
waveform. After superposition, peak-based rescaling is applied where necessary to prevent
16-bit integer overflow.

This rescaling is relevant to the interpretation of the dynamics experiment. Because
mixture-level peak rescaling can partially reduce absolute amplitude differences between
samples, EXP3 should not be interpreted as waveform-amplitude recovery alone. Dy-
namic labels may also be encoded through relative energy distribution, spectral envelope,
instrument-specific response, and timbral changes associated with playing level.

The additive construction provides exact ground truth for all per-instrument attributes,
but it does not include the mutual acoustic coupling and performer-interaction effects
present in live ensemble recordings. In live string ensemble performance, musicians adapt
to one another through auditory, visual, and gestural feedback, shaping timing, intonation,
dynamics, timbre, and articulation as part of an interdependent process [3]. SECD therefore
targets controlled construction of polyphonic string-chord audio with exact per-voice
metadata, rather than ecological simulation of live quartet performance.

3.1.2. Instrument–Pitch Ordering Constraint

All interval and chord instances are constructed under a fixed instrument–pitch or-
dering constraint. For every generated sample, pitches are assigned in strictly ascending
pitch order across instruments, enforcing a deterministic mapping between pitch height
and instrument role.

For two-instrument configurations, the lower pitch is assigned to the lower-register
instrument in the selected pair and the higher pitch to the upper-register instrument. For
three-instrument configurations, the lowest pitch is assigned to cello, the next to viola,
and the highest to violin 1. For four-instrument configurations, the ordering is extended
such that cello carries the lowest pitch, followed by viola, violin 2, and violin 1 as the
highest voice.

This constraint eliminates permutation-equivalent realisations of the same harmonic
structure and ensures consistent voicing across the dataset. Consequently, harmonic
intervals, triads, and seventh chords are represented in a canonical register-distributed
form rather than as arbitrary permutations of the same pitch classes. The design is informed
by conventional register-based role distribution in tonal string writing and orchestration,
where lower instruments typically realise bass functions, upper instruments carry higher
voices, and inner voices mediate the harmonic space between them [42–44]. This canonical
setting does not cover voice crossing, alternative distributions of chord tones and registers
among the instruments, or the full range of registral layouts encountered in polyphonic
string writing.

The constraint is especially important for chord inversions. In the SECD, inversion is
not treated as a purely symbolic label detached from the audio signal. Because the lowest
pitch is assigned to the cello in triadic and seventh-chord textures, inversion determines
which chord member occupies the bass register and therefore changes the registral layout,
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spectral weighting, and perceived harmonic profile of the chord. This makes inversion
metadata acoustically meaningful and suitable for future inversion-aware recognition
experiments, even though no dedicated inversion-recognition benchmark is reported in the
present paper.

From a perceptual perspective, the fixed register-distributed design also reduces un-
controlled ambiguity in polyphonic texture formation. Register separation and timbral role
assignment support auditory organisation of simultaneous instrumental lines while still allow-
ing chord tones to interact through masking, fusion, and spectral overlap [4,25,26]. The SECD
therefore follows the logic of controlled stimulus construction: it omits some properties
of live ensemble performance, including room interaction, within-ensemble adaptation,
and expressive timing, in exchange for exact per-instrument ground truth and systematic
coverage of harmonic interval, chord, dynamic, and technique combinations.

3.2. Filename Encoding and Metadata Schema

Each source note file encodes four attributes in its filename: voice role, pitch, dynamic
marking, and playing technique. Formally, the source-level metadata associated with
source note i is the tuple

mi = (rolei, pi, di, ti), (2)

where rolei ∈ {cello, viola, violin1, violin2}, pi is the encoded absolute pitch label, di is
the dynamic marking, and ti is an atomic playing-technique label encoded directly in the
source filename metadata.

These source-level attributes are propagated into the metadata of each constructed
SECD mixture. Thus, while the released corpus contains mixture WAV files rather than
isolated source-note WAVs, the metadata preserves the voice role, pitch, dynamic, and
technique attributes of every present voice in each mixture.

The metadata schema separates nominal musical categories from their acoustic real-
isation. Dynamic labels, technique labels, interval labels, and chord labels are treated as
supervised targets because they are musically meaningful and acoustically consequential,
but they should not be read as complete descriptions of performance expression. In particu-
lar, dynamics may affect both loudness and spectral shape, while playing-technique labels
capture discrete performance instructions rather than the full continuum of expressive
bowing behaviour [4,17].

3.3. Dataset Groups and Subset Taxonomy

The SECD is organised into six dataset groups, structured by ensemble size and
harmonic complexity. Each group exists in two subset types: a loose subset, in which
different dynamics and playing techniques may be assigned to different instruments within
the same interval or chord instance, and a strict subset, in which all instruments in an
interval or chord instance share identical dynamics and playing techniques. This metadata-
consistency constraint substantially reduces the number of valid configurations and hence
corpus size.

• harmonic_intervals (duo): Two-instrument combinations spanning 20 interval classes
from unison to major thirteenth. The duo subset is constructed across the three
instrument pairings cello–viola, cello–violin, and viola–violin, ensuring coverage of
all pairwise combinations within the string trio configuration. Loose: 90,000 samples
(30,000 per instrument pair); strict: 11,224.

• triads (trio): Three-instrument chords with four chord quality labels—major, minor,
diminished, and augmented. Loose: 80,000 (20,000 per quality); strict: 4586.
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• 7th_chords (quartet): Four-instrument chords with four types: major seventh (maj7),
dominant seventh (7), minor seventh (min7), and half-diminished seventh (m7♭5).
Loose: 92,598; strict: 8680.

Aggregate statistics are summarised in Table 2. The full SECD corpus is the union of
the loose and strict subsets, yielding 287,088 harmonic-interval and chord instances.

Table 2. SECD statistics by group.

Group Ensemble Labels Loose Strict

harmonic_intervals duo 20 intervals 90,000 11,224
triads trio 4 qualities 80,000 4586
7th_chords quartet 4 types 92,598 8680

Total 262,598 24,490

3.4. Full SECD Label Vocabulary and Structural Definition

For the full SECD corpus, the label space is defined by the original file-level meta-
data and by deterministic mappings derived from it. The SECD comprises 287,088 har-
monic interval and chord instances organised into three structurally distinct groups:
101,224 harmonic_intervals samples for two-instrument ensembles, 84,586 triads sam-
ples for three-instrument ensembles, and 101,278 7th_chords samples for four-instrument
ensembles. The ensemble ontology is fixed by construction: harmonic intervals correspond
to duos, triads to trios, and seventh chords to quartet-like four-voice textures.

The resulting full SECD label space is summarised in Table 3.

Table 3. Compact summary of the full SECD label space.

Component Cardinality Definition

Harmonic intervals 20 Duo interval classes
Dynamic labels 8 Discrete levels and continuous processes
Playing techniques 21 Filename-encoded atomic technique labels
Triad chord types 4 Major, minor, diminished, augmented
7th chord types 4 7, min7, maj7, m7♭5

3.4.1. Harmonic Interval Vocabulary

The harmonic_intervals portion spans 20 interval labels: Unison; Minor 2nd; Major
2nd; Minor 3rd; Major 3rd; Perfect 4th; Tritone; Perfect 5th; Minor 6th; Major 6th; Minor
7th; Major 7th; Octave; Minor 9th (b9); Major 9th (9); Augmented 9th (#9); Perfect 11th
(11); Augmented 11th (#11); Minor 13th (b13); and Major 13th (13). The interval ontology
includes both simple and compound intervals up to the major 13th. In the full corpus, these
20 interval classes are approximately uniformly distributed.

3.4.2. Dynamic Labels

Dynamic annotation comprises eight labels: pianissimo, piano, mezzo-piano, mezzo-
forte, forte, fortissimo, crescendo, and decrescendo. The first six correspond to discrete
dynamic levels, whereas crescendo and decrescendo represent continuous dynamic pro-
cesses. In the full dataset, the continuous dynamic labels are present but substantially more
sparsely represented than the discrete dynamic levels.

3.4.3. Playing Techniques

The 21 ground-truth playing technique labels are: arco-normal, arco-sul-ponticello,
arco-sul-tasto, arco-au-talon, arco-tremolo, arco-martele, arco-minor-trill, arco-major-trill,
arco-glissando, arco-col-legno-battuto, arco-col-legno-tratto, arco-harmonic, pizz-normal,
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pizz-glissando, pizz-tremolo, snap-pizz, natural-harmonic, artificial-harmonic, molto-
vibrato, non-vibrato, and con-sord. These labels correspond directly to the filename-
encoded metadata propagated into the full SECD metadata tables. The technique distri-
bution is highly imbalanced, with arco-normal dominating the atomic label space. This
imbalance reflects both the musical role of normal bowing as the default string sound-
production mode and the structure of the original source-note pool, which contains more
standard bowed recordings than special-technique recordings. When these atomic labels are
mapped into broader sound-production families, this source-level predominance produces
a strong majority for the bowed family.

3.4.4. Chord Types and Inversions

For the trio ensemble, triad quality is annotated with four labels: major, minor, di-
minished, and augmented. For the quartet ensemble, seventh-chord quality is annotated
with four labels: dominant seventh (7), minor seventh (min7), major seventh (maj7), and
half-diminished seventh (m7♭5). Inversion is explicitly encoded for both chord classes.
Triads include root position, first inversion, and second inversion. Seventh chords include
root position, first inversion, second inversion, and third inversion.

This inversion metadata is musically consequential rather than merely descriptive.
In tonal harmony, inversion changes the chord member assigned to the bass voice and
therefore alters the registral layout, functional interpretation, and acoustic weighting of
the chord. In the SECD, this effect is explicit because the cello is always assigned the
lowest pitch in triadic and seventh-chord textures; consequently, inversion determines
whether the cello carries the root, third, fifth, or, for seventh chords, the seventh of the
chord. The dataset therefore supports future inversion-aware recognition tasks in addition
to the chord-quality benchmark reported in EXP2.

3.5. Acoustic Feature Representation

For the AST-based benchmark experiments, SECD WAV mixtures are converted into
mel spectrogram representations. All interval and chord waveforms are resampled to
16 kHz for feature extraction. Mel spectrograms are computed using 128 mel-frequency
bins over a 256-frame temporal window, yielding a fixed-size feature map of shape
128 × 256, consistent with the input representation used for the AST-based experiments in
this work [13].

For compatibility with the pre-trained AST backbone, mel spectrograms are pro-
cessed using the ASTFeatureExtractor preprocessing convention. The extractor computes
128-bin mel spectrogram features from 16 kHz audio, pads or truncates each input to
256 frames, and applies the stored mean and standard-deviation normalisation parame-
ters associated with the AudioSet-pre-trained AST configuration. The resulting fixed-size
tensors have shape 128 × 256 and are cached as NumPy arrays (.npy) for computational
efficiency during EXP1–EXP4. These cached tensors are derived experimental features and
should not be confused with the primary SECD release, which consists of constructed WAV
mixture files and metadata.

4. Evaluation Protocol and Data Splitting
4.1. Deterministic Stratified Experimental Splitting

The SECD is distributed as a unified corpus without predefined training, validation,
or test partitions. For the benchmark experiments (EXP1–EXP4), each experiment selects
a task-specific subset of the SECD and applies deterministic stratified partitioning into
70% training, 15% validation, and 15% test data.
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Splitting is performed at the level of complete harmonic interval or chord instances
after the task-specific filtering and label mapping required by each experiment. Split indices
are saved to disk and reused in subsequent runs to ensure exact reproducibility. This design
separates the released dataset organisation from the experimental evaluation protocol: the
SECD is released as a unified corpus, whereas train/validation/test partitions are defined
within the benchmark pipelines.

The splitting procedure used for the EXP1–EXP4 benchmark experiments is therefore
complete-instance-disjoint: no complete mixture instance crosses the training, validation,
and test partitions. However, it is not source-note-disjoint, because the underlying solo
note recordings may be reused in different mixtures assigned to different partitions.

4.2. Compositional Structure and Source-Note Reuse

A fundamental property of the SECD follows from its construction methodology.
All interval and chord instances are generated by combinatorially superposing a finite
pool of professionally recorded solo note samples. Consequently, individual source-note
recordings may be reused across multiple mixtures and may occur in different partitions
under distinct harmonic and structural contexts.

For example, a specific cello note recording (e.g., C3 played with a given dynamic
and technique) used within a C-major triad in the training set may also appear as part of
a different chord or interval in the validation or test sets. This reuse occurs at the level of
atomic source-note recordings, not at the level of complete interval or chord mixtures.

This reuse is a structural consequence of constructing a large-scale controlled composi-
tional dataset from a finite pool of isolated recordings. It enables systematic recombination
of musical attributes while preserving exact per-voice metadata across a large number of
polyphonic configurations.

To quantify the extent of source-note reuse in the original EXP2 protocol, source
identity was defined as the exact stored value of each explicit constituent-source field
(cello_file, viola_file, and violin1_file) after removing surrounding whitespace
only. No instrument mapping, filename remapping, or inferred source identity was used.
Under this definition, the original training partition contained 1422 unique exact source
IDs, whereas the test partition contained 1394, of which 1392 were shared. Consequently,
99.86% of the exact source IDs present in the original test partition had already appeared in
the training partition. At the mixture level, 12,686 of the 12,688 original test mixtures con-
tained three constituent sources previously observed during training, while the remaining
two mixtures contained two previously observed sources. No original test mixture was
composed entirely of unseen exact source-note recordings. All exact source IDs occurring
in the original validation partition were also present in the training partition.

Using only existing EXP2 mixtures, we additionally constructed a complementary
source-note-disjoint diagnostic. A held-out exact-source set was defined, and a mixture
was retained in the diagnostic test set only if all three of its constituent source IDs belonged
to that set. A mixture was retained in the development pool only if all three source IDs
belonged to the non-held-out set. Mixtures combining held-out and non-held-out source
IDs were excluded. Because all EXP2 mixtures were connected through shared source-note
recordings, a source-note-disjoint partition retaining every mixture was not possible. The
retained development pool was then divided into training and validation partitions using
a stratified 85/15 split based on the joint label chord_type × subset, with random seed
1337. The resulting diagnostic dataset comprised 32,456 training mixtures, 5728 validation
mixtures, and 1148 diagnostic test mixtures, while 45,254 cross-partition mixtures were
excluded. The diagnostic test set retained all four chord-quality classes and included
samples from both the loose and strict subsets. There was zero exact source overlap between
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the retained development pool and the diagnostic test set. This substantial reduction in
retained mixtures reflects the dense reuse structure of EXP2 and illustrates the practical
cost of enforcing exact source-note disjointness in a combinatorially constructed corpus.

This diagnostic protocol evaluates generalisation to previously unseen exact source-
note recordings within the controlled SECD domain and complements, rather than replaces,
the complete-instance-disjoint EXP2 benchmark.

The implications of source-note reuse differ across tasks. For ensemble-size and
chord-quality recognition, no individual source-note recording uniquely determines the
target label: the same source note may appear in different ensemble sizes, chord qualities,
voicings, and harmonic contexts. For the voice-level dynamics and technique-family
tasks, however, the target labels are inherited directly from the source-note metadata. The
EXP1–EXP4 benchmark evaluation therefore does not isolate the possible contribution of
repeated source-note recordings from that of mixture-level harmonic, spectral, and textural
structure. The complementary EXP2 source-note-disjoint diagnostic removes exact source
overlap at the development–test boundary and provides a targeted assessment of the
sensitivity of chord-quality performance to source reuse. As reported in Section 5.3, the
observed reduction in performance indicates that this evaluation regime is substantially
more challenging than the complete-instance-disjoint EXP2 benchmark. At the same time,
the retained diagnostic performance indicates that triad quality remains partly recoverable
from mixtures composed entirely of previously unseen exact source-note recordings within
the controlled SECD domain. These findings do not establish either the presence or the
absence of shortcut learning, but provide a more precise characterisation of the evaluation
boundary for EXP2. The diagnostic should not be interpreted as source-note-disjoint
validation of EXP1, EXP3, or EXP4.

Controlled source-note reuse should be distinguished from duplicate-instance leakage,
in which identical or overlapping complete recordings cross training and evaluation par-
titions. Prior work has shown that such overlap can yield overly optimistic performance
estimates and that recordings sharing a common recording process may also create weaker
forms of contamination, motivating grouped splitting strategies [45]. In both evaluation
protocols implemented in this study, no complete SECD mixture crosses the relevant train-
ing, validation, and test partitions. Under the EXP1–EXP4 benchmark protocol, however,
identical atomic source-note recordings may reappear within different mixtures and across
partitions. The complementary EXP2 diagnostic additionally removes this exact source
overlap between the retained development pool and the diagnostic test set.

Accordingly, we distinguish three evaluation regimes. Complete-instance-disjoint
evaluation holds out complete interval or chord mixtures, although their constituent source-
note recordings may have appeared during model development. Source-note-disjoint
evaluation additionally requires the exact source-note recordings used in the test set to be
absent from the development data. External-recording evaluation instead uses indepen-
dently recorded ensemble audio outside the controlled SECD construction process. The
EXP1–EXP4 benchmark results follow the first regime, whereas the complementary EXP2
diagnostic provides targeted evidence under the second. The third regime remains outside
the scope of the present study. Neither of the two implemented protocols should therefore
be interpreted as evidence of generalisation to independently recorded ensemble audio.

5. Benchmark Experiments
5.1. Model Architecture and Training Configuration

Across the four SECD benchmark tasks, we use the Audio Spectrogram Transformer
(AST) as the shared backbone architecture. AST applies a Transformer encoder directly
to sequences of spectrogram patches, following the self-attention architecture introduced
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by Vaswani et al. [14] and the patch-based formulation of the Vision Transformer [15].
Gong et al. [13] describe AST as a convolution-free, attention-based model for audio
classification and report strong results across several audio classification benchmarks.

This architecture is appropriate for the SECD because the target labels are not de-
termined by isolated local spectral cues alone. Ensemble size, chord quality, dynamics,
and technique family may depend on relationships distributed across frequency bands
and time frames, especially when multiple string voices overlap within a single monaural
mixture. AST therefore provides a high-capacity reference backbone for evaluating whether
an attention-based audio representation can support harmonic, timbral, dynamic, and
voice-multiplicity classification in controlled polyphonic string audio.

The shared architecture family and its task-specific heads are illustrated in Figure 1.

SECD Benchmark Architecture
Shared AST backbone with experiment-specific classification

heads

Mel spectrogram
128 × 256

Patch embedding
+ positional embedding

resize

AST backbone
Transformer encoder
12 layers, 12 heads

Mean pooling
over token dimension

Shared embedding
h ∈ R^768

Task-specific heads

EXP1
Single-head classifier
ensemble size logits

EXP2
Instrument-conditioned

fusion head
triad type logits

EXP3
Per-instrument heads

dynamics logits

EXP4
Per-instrument heads
technique-family logits

Figure 1. Unified architecture family used for the SECD benchmark tasks. A mel spectrogram input
(128× 256) is processed by a pre-trained Audio Spectrogram Transformer (AST) backbone, producing
a shared embedding h ∈ R768. Task-specific heads operate on this embedding: a single-head classifier
(EXP1), instrument-conditioned fusion heads (EXP2), and per-instrument multi-head outputs for
dynamics and technique-family prediction (EXP3–EXP4).

All four experiments use the same general architecture family: a pre-trained AST back-
bone followed by task-specific classification heads. Let X ∈ R128×256 denote a normalised
mel spectrogram. The AST backbone fθ maps X to a sequence of hidden states, which are
mean-pooled to obtain a fixed-dimensional embedding:

h = MeanPool( fθ(X)) ∈ R768. (3)

The backbone consists of 12 transformer encoder blocks with 12 attention heads,
768-dimensional hidden representations, and 3072-dimensional feedforward layers. Since
the input spectrograms contain 256 time frames, positional embeddings are resized to
match the corresponding patch grid.

The classification stage varies by task. For single-head settings, the classification head
gϕ maps h to class logits via a two-layer Multi-Layer Perceptron (MLP):

ŷ = gϕ(h) = W2 Dropout(GELU(W1 h + b1)) + b2, (4)

where W1 ∈ R768×768, W2 ∈ RC×768, and Dropout is applied with experiment-dependent
probability. C denotes the number of target classes.

For EXP2, instrument-conditioned representations are constructed by adding instru-
ment embeddings ei to the shared embedding h and passing them through instrument-
specific projection heads:

zi = qi(h + ei), (5)

followed by concatenation and fusion into global chord-type logits:
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ŷ = gϕ([z1; z2; z3]). (6)

For EXP3 and EXP4, multi-head classification is used. Each instrument i is associated
with a separate prediction head operating on h+ ei. In EXP3, dynamics labels are predicted:

ŷdyn
i = gdyn

i (h + ei), (7)

while in EXP4, technique-family labels are predicted:

ŷ f am
i = g f am

i (h + ei). (8)

Absent instruments are masked during loss computation using an ignore index. These
reference baselines use a shared mixture representation with instrument-specific prediction
heads, but they do not explicitly model structured dependencies among the simultaneous
instrumental voices.

The four experiments use a common fine-tuning protocol, with task-specific differences
only where required by the target definition and output structure. All experiments fine-tune
the pre-trained MIT/ast-finetuned-audioset-10-10-0.4593 AST checkpoint using fixed-
size 128× 256 mel-spectrogram tensors. The AST backbone is common to all tasks, while the
classification heads differ according to whether the task is global single-label classification
(EXP1–EXP2) or pooled per-instrument voice-level classification (EXP3–EXP4).

The training configuration used in the reported runs is summarised in Table 4. Opti-
misation and scheduling are handled through the Hugging Face Trainer API. Evaluation,
checkpointing, and logging are performed at epoch level, and the best checkpoint is selected
according to validation macro-F1. Parameters not explicitly overridden in the experiment
notebooks follow the corresponding TrainingArguments defaults.

Table 4. Core training configuration for the four SECD benchmark experiments. Settings are reported
from the executed experiment notebooks.

Setting EXP1 EXP2 EXP3 EXP4

Task Ensemble size Triad quality Dynamics Technique family
Input tensor 128 × 256 128 × 256 128 × 256 128 × 256
Backbone checkpoint MIT/ast-finetuned-audioset-10-10-0.4593
Epochs 40 40 40 40
Learning rate 3 × 10−5 3 × 10−5 3 × 10−5 3 × 10−5

Warmup ratio 0.05 0.05 0.05 0.05
Weight decay 10−2 10−2 10−2 10−2

Seed 1337 1337 1337 1337
Label smoothing 0.05 0.05 0.05 0.05
Class weighting effective-number effective-number effective-number effective-number
Best-model metric macro-F1 macro-F1 macro-F1 macro-F1

Class imbalance is handled through effective-number class weights computed from
the corresponding training split. EXP1 and EXP2 use weighted cross-entropy for global
single-label classification. EXP3 and EXP4 use masked weighted cross-entropy over per-
instrument heads: absent instrument positions are encoded with an ignore index of −1
and excluded from both loss computation and pooled voice-level metric calculation. No
weighted sampler is used in the executed experiment notebooks. Table 4 documents the
reported benchmark runs rather than defining a mandatory training recipe for future SECD
experiments; alternative architectures and optimisation settings can be evaluated using the
released splits and metadata.

Representative normalised mel spectrogram inputs spanning the four benchmark
settings are shown in Figure 2.
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(a) EXP1: ensemble-size example
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(b) EXP2: triad chord-type example
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(c) EXP3: dynamics-sensitive example
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(d) EXP4: technique-family example
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Representative normalized mel spectrograms used as AST inputs

Figure 2. Representative normalised mel spectrograms from SECD subsets, illustrating the time–
frequency structure of inputs to the AST-based models across the four experimental settings: (a) ensemble
size (EXP1), (b) triad chord type (EXP2), (c) dynamics variation (EXP3), and (d) technique-family
variation (EXP4).

5.2. EXP1: Ensemble Size Recognition

The first task is a 3-class classification problem: given a harmonic-interval or chord
audio clip, the model predicts whether it was produced by a duo-, trio-, or quartet-
like four-voice texture. Training data are drawn from the three loose SECD groups:
harmonic_intervals_loose, triads_loose, and 7th_chords_loose, which map deter-
ministically to the ensemble-size labels {duo, trio, quartet}. The strict subsets are not used
in this experiment. The EXP1 corpus contains 262,598 samples: 90,000 duos, 80,000 trios,
and 92,598 quartets. A deterministic stratified 70/15/15 split is applied at the complete
interval/chord-instance level, yielding 183,818 training samples, 39,390 validation samples,
and 39,390 test samples. The held-out test set contains 13,500 duo samples, 12,000 trio
samples, and 13,890 quartet samples.

Results on the held-out test set are reported in Table 5. The model achieves an overall
accuracy of 98.67% and a macro-averaged F1 score of 98.64%, with consistently high
performance across all three ensemble-size classes. The duo class obtains the highest per-
class F1 score (99.29%), followed by quartet (98.73%), while trio is marginally the most
challenging class (97.90%). To our knowledge, no prior work has reported results on
controlled ensemble-size classification for polyphonic string interval/chord audio under
this formulation.

Table 5. EXP1 test results: ensemble size recognition.

Class Support Precision (%) Recall (%) F1 (%)

duo 13,500 99.22 99.36 99.29
trio 12,000 98.12 97.68 97.90
quartet 13,890 98.61 98.86 98.73

Macro avg 39,390 98.65 98.63 98.64
Accuracy 98.67

Despite the high classification accuracy, the task remains perceptually non-trivial.
Increasing the number of simultaneous string voices does not necessarily produce a simple
additive increase in independently identifiable sources. Polyphonic listening involves both
segregation and fusion: additional voices may be perceived as separate streams, may blend
with existing voices, or may contribute to a composite timbre distinct from its individual
components [4,26].

The confusion matrix in Figure 3 shows that errors are concentrated between adjacent
ensemble sizes, particularly between trio and quartet. This pattern is consistent with the
underlying acoustics: the transition from three to four simultaneous voices introduces
relatively subtle changes in spectral density and harmonic overlap compared with the more
distinct transition from duo to trio. The near-perfect separation of the duo class indicates
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that two-voice textures exhibit sufficiently distinct spectro-temporal characteristics under
SECD’s controlled conditions.

duo trio quartet
Predicted label

duo

trio

quartet

Tr
ue

 la
be

l

0.99 0.01 0.00

0.01 0.98 0.02

0.00 0.01 0.99

TEST | Ensemble size - Normalized

Figure 3. Normalised confusion matrix for EXP1 ensemble size recognition. Minor errors are
concentrated between the trio and quartet classes, indicating the acoustic proximity of three- and
four-voice textures under controlled voicing and instrumentation conditions. Darker cells indicate
higher row-normalised values, while lighter cells indicate lower values.

Although the absolute number of errors remains low, with 181 misclassifications from
trio to quartet and 151 from quartet to trio, normalised results are reported to enable direct
comparison across classes with different support.

Overall, these results indicate that ensemble size is highly recoverable within the
SECD distribution from mel spectrogram representations using a transformer-based model.
The findings should be interpreted as complete-instance-disjoint, in-domain reference per-
formance rather than as evidence of generalisation to source-note-disjoint or independently
recorded ensemble audio.

5.3. EXP2: Triad Chord Quality Recognition

The second task is a 4-class classification problem: given a chord audio clip, the
model predicts its triad quality among {major, minor, diminished, augmented}. Samples
are drawn from the full triad portion of the SECD, comprising both the triads_loose
and triads_strict subsets. Chord instances are constructed through the superposition
of three independently recorded string voices (cello, viola, violin 1), following the voic-
ing and instrumentation constraints described in Section 3. The EXP2 corpus contains
84,586 triad samples: 80,000 from triads_loose and 4586 from triads_strict. The cor-
pus is organised across four triad chord-quality classes: major, minor, diminished, and
augmented. A deterministic 70/15/15 split is applied at the complete-chord level, strat-
ified by the joint label chord_type × subset, so that both chord quality and loose/strict
membership are preserved across partitions. The resulting split contains 59,210 training
samples, 12,688 validation samples, and 12,688 test samples. The held-out test set contains
class supports of 3161 major, 3161 minor, 3159 diminished, and 3207 augmented samples.

A central challenge in this task is that major and minor triads differ by a single semitone
in one voice. Consequently, the discriminative signal resides in subtle spectro-temporal
differences rather than in large-scale structural changes.
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Results are reported in Table 6. The model achieves 93.73% accuracy and 93.73%
macro-F1. The dominant error mode is major–minor confusion, with normalised off-
diagonal entries of approximately 5–6% in the held-out test set (Figure 4). This behaviour
is consistent with prior work in chord recognition and auditory perception, where small
pitch alterations can yield acoustically similar sonorities while remaining categorically
distinct [21].

Figure 4. Normalised confusion matrix for EXP2 triad chord quality recognition. The dominant off-
diagonal structure appears between major and minor triads (≈5–6%), reflecting their minimal pitch
difference and resulting spectral similarity under controlled recorded-source conditions. Diminished
and augmented triads exhibit higher separability, with near-zero confusion between them. Darker
cells indicate higher row-normalised values, while lighter cells indicate lower values.

From a perceptual standpoint, this pattern is expected. Interval perception is not gov-
erned by pitch distance alone, but is modulated by timbre, register, and spectral interaction
between simultaneous tones [25,26]. In the SECD, all chords are constructed from profes-
sionally recorded isolated instrument notes under controlled conditions. Because EXP2
uses both loose and strict triad subsets, the model is exposed to chord instances with both
within-chord metadata variability and fully matched dynamic/technique configurations.
The task therefore requires the model to distinguish harmonic structure under timbre- and
metadata-dependent variability rather than under a single uniform metadata regime.

In contrast, diminished and augmented triads achieve higher F1 scores, at 96.25% and
96.54%, respectively. A cautious interpretation is that these chord qualities induce more
distinctive spectro-temporal patterns under the constrained voicing and instrumentation
regime of the SECD. However, this observation should not be generalised to broader musi-
cal perception, where chord identification is influenced by tonal context, voice ordering,
fusion effects, and listener experience in addition to intervallic structure [25,26].

To complement the complete-instance-disjoint EXP2 benchmark, we evaluated the
same AST architecture and training configuration under the source-note-disjoint diagnostic
protocol described in Section 4. The diagnostic used the same preprocessing, cached input
features, and label definition as the reported EXP2 benchmark, and no diagnostic-specific
hyperparameter optimisation was performed. It used only retained existing EXP2 mixtures
and excluded cross-partition mixtures as required to enforce zero exact source overlap
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between the retained development pool and the diagnostic test set. No new WAV files,
mixture combinations, labels, or mel-spectrogram features were generated for this analysis.

As shown in Table 7, enforcing source-note disjointness substantially reduces the
retained test support and makes the task more difficult. Accuracy decreases from
93.73% to 77.87%, and macro-F1 decreases from 93.73% to 77.99%. This reduction is
consistent with the original complete-instance-disjoint performance having benefited
in part from the extensive source-note reuse quantified in Section 4. However, be-
cause enforcing source-note disjointness also reduced the retained training set from
59,210 to 32,456 mixtures, the observed performance difference cannot be attributed
exclusively to source reuse. Under the stricter unseen-source setting, performance re-
mains above 72% F1 for each of the four triad classes. Per-class F1 scores under the
diagnostic protocol are 73.50% for major, 72.38% for minor, 85.47% for diminished, and
80.60% for augmented. These results do not prove or disprove shortcut learning. Rather,
they show that EXP2 source-note-disjoint evaluation is substantially more challenging than
the complete-instance-disjoint benchmark, while the retained diagnostic performance indi-
cates that triad quality remains partly recoverable from unseen exact source-note recordings
within the controlled SECD domain.

Table 6. EXP2 test results: triad chord quality recognition.

Class Support Precision (%) Recall (%) F1 (%)

major 3161 91.53 90.95 91.24
minor 3161 90.32 91.46 90.88
diminished 3159 96.53 95.98 96.25
augmented 3207 96.57 96.51 96.54

Macro avg 12,688 93.74 93.72 93.73
Accuracy 93.73

Table 7. Comparison of the complete-instance-disjoint EXP2 benchmark with the complementary
source-note-disjoint diagnostic. Changes are reported in percentage points (pp).

Metric Benchmark EXP2 Source-Note-Disjoint Diagnostic

Test samples 12,688 1148
Accuracy 93.73% 77.87% (−15.86 pp)
Macro-F1 93.73% 77.99% (−15.74 pp)

5.4. EXP3: Per-Instrument Dynamics Classification

The third task evaluates 5-class per-instrument dynamics recognition under an arco-
normal-only condition. The target classes are pianissimo (pp), piano (p), mezzo-piano (mp),
forte ( f ), and fortissimo ( f f ). These labels correspond to the most frequent static dynamic
categories available within the arco-normal portion of SECD, which is the dominant playing-
technique condition in the corpus. The experiment therefore focuses on the best-supported
dynamic-level labels under a controlled technique setting.

The full SECD metadata contains eight dynamic labels: pianissimo, piano, mezzo-
piano, mezzo-forte, forte, fortissimo, crescendo, and decrescendo. EXP3 does not attempt
to cover the complete dynamic vocabulary. Instead, it defines a focused benchmark over
the five most populated static dynamic classes within the arco-normal subset. This choice
reduces sparsity, avoids unstable estimates for underrepresented labels, and keeps the task
centred on dynamic-level recognition rather than on modelling all dynamic markings in
the full corpus.

Restricting the evaluation to arco-normal samples reduces technique-driven variability
and focuses the task on the extent to which dynamic level can be identified from the
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audio representation. Results are reported in a pooled voice-level setting across all present
instrument voices.

This isolation is only partial. Perceptual and acoustic studies of timbre indicate that
dynamic level can itself alter spectral structure, including brightness-related descriptors;
therefore, the task should not be interpreted as simple amplitude classification [4]. Although
the arco-normal condition removes one major source of playing-technique variation, the
remaining dynamic categories may still be encoded through a combination of energy,
spectral distribution, and instrument-specific response.

Table 8 reports the held-out test performance. The model reaches 98.19% accuracy and
98.01% macro-F1 over 71,898 pooled voice-level observations. The strongest results are
obtained for the louder dynamic levels, with f and f f reaching F1 scores of 99.27% and
99.56%, respectively. The softer and intermediate categories also remain highly accurate,
but show slightly greater confusion, especially between adjacent dynamic levels.

Table 8. EXP3 test results: per-instrument dynamics classification under the arco-normal-only
condition, pooled across present instrument voices.

Class Support Precision (%) Recall (%) F1 (%)

pp 16,296 97.42 97.26 97.34
p 9829 95.96 96.08 96.02
mp 13,511 97.97 97.76 97.86
f 14,821 99.27 99.28 99.27
f f 17,441 99.44 99.67 99.56

Macro avg 71,898 98.01 98.01 98.01
Accuracy 98.19

Performance is not uniform across instruments. Cello achieves 99.72% macro-F1,
viola 98.75%, and violin 1 97.45%, whereas violin 2 reaches 87.10% macro-F1. Violin 2
appears only in quartet-like four-voice textures and contributes 4,059 test observations,
compared with 22,613 observations for each of cello, viola, and violin 1. The present
evaluation does not isolate the relative contributions of the fixed violin 2 transformation,
its smaller sample support, quartet-only context, instrument role, and overall mixture
configuration. Within violin 2, the main difficulty concerns adjacent softer categories,
especially p and mp, which obtain F1 scores of 76.83% and 79.68%, respectively.

Figure 5 shows the normalised pooled confusion matrix. The matrix confirms that
most errors occur between adjacent dynamic categories. Confusion is concentrated around
the softer and intermediate levels, while f and f f are almost perfectly separated in the
pooled test evaluation.

5.5. EXP4: Playing Technique-Family Recognition

The fourth task evaluates 4-class playing-technique-family recognition. Each present
instrument voice is assigned one of four family labels: bowed, col legno, harmonic, or
plucked. These labels are not stored directly in the underlying dataset; they are derived de-
terministically from the filename-encoded atomic playing-technique annotations described
in Section 3. EXP4 is therefore a classification problem over grouped metadata rather than
over a native annotation layer of the SECD.

EXP4 does not attempt fine-grained 21-class technique recognition. Instead, all
21 filename-encoded atomic technique labels observed in the SECD metadata are mapped
deterministically into four broader technique families. This family-level formulation is a
methodological choice: the four target classes represent coarse sound-production regimes
rather than exhaustive expressive categories. In string performance, bowing and articu-
lation choices shape attack, spectrum, sustain, and perceived timbre, and thus provide
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acoustically meaningful targets for audio classification [1,4,17]. At the same time, individ-
ual technique labels may vary substantially across instruments, registers, dynamics, and
source-note realisations. Grouping the atomic labels into broader families therefore pro-
vides a more conservative and acoustically stable benchmark than treating every individual
playing technique as an independent class.

pianissimo piano mezzo-piano forte fortissimo
Predicted label

pianissimo

piano

mezzo-piano

forte

fortissimo

Tr
ue

 la
be

l

0.97 0.02 0.01 0.00 0.00

0.03 0.96 0.01 0.00 0.00

0.01 0.01 0.98 0.00 0.00

0.00 0.00 0.00 0.99 0.00

0.00 0.00 0.00 0.00 1.00

TEST | Dynamics (pooled) - Normalized

Figure 5. EXP3 normalised confusion matrix for pooled per-instrument dynamics classification on
the held-out test set. Rows denote true labels and columns denote predicted labels. Darker cells
indicate higher row-normalised values, while lighter cells indicate lower values.

The task is evaluated in a pooled voice-level setting across all present instrument
voices. The held-out test set contains 129,121 labelled voice instances. The class distribution
is strongly imbalanced: bowed samples constitute approximately 90% of the test set, with
116,273 instances, whereas col legno, harmonic, and plucked contain 3611, 3173, and
6064 instances, respectively.

This imbalance is an expected consequence of both musical practice and corpus con-
struction, as introduced in Section 3. At the atomic-label level, arco-normal is the default
sound-production mode for bowed string instruments. At the family level, arco-normal
and other bow-mediated techniques are grouped into the broader bowed class. Because the
professionally recorded solo-note pool contains substantially more standard bowed material
than special-technique material, SECD inherits this source-level distribution through combi-
natorial generation and amplifies it at the instance and pooled voice-instance levels. Accord-
ingly, EXP4 is framed as a family-level evaluation of broad sound-production regimes under
realistic corpus imbalance, not as a balanced fine-grained technique-recognition benchmark.

The deterministic mapping used in EXP4 is shown in Table 9. The mapping covers all
21 filename-encoded atomic playing-technique labels represented in the EXP4 metadata
after task-specific filtering.
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Table 9. Deterministic mapping from the 21 filename-encoded atomic SECD playing-technique labels
to the four technique families used in EXP4.

Family Constituent Techniques

bowed
arco-normal, arco-sul-ponticello, arco-sul-tasto, arco-au-talon,
arco-tremolo, arco-martele, arco-minor-trill, arco-major-trill,
arco-glissando, molto-vibrato, non-vibrato, con-sord

col-legno arco-col-legno-battuto, arco-col-legno-tratto
harmonic natural-harmonic, artificial-harmonic, arco-harmonic
plucked pizz-normal, pizz-glissando, pizz-tremolo, snap-pizz

Table 10 reports the held-out test performance. The model reaches 99.39% accuracy,
but this value is strongly influenced by the bowed majority class. The macro-averaged F1
score of 97.29% therefore provides the more informative summary of performance across
the four technique families. The bowed class is classified near-perfectly, with 99.68% F1.
Col legno is the most challenging class, with 93.84% F1, while harmonic and plucked
remain high at 97.79% and 97.85% F1, respectively.

Table 10. EXP4 test results: pooled voice-level playing-technique-family recognition.

Class Support Precision (%) Recall (%) F1 (%)

bowed 116,273 99.54 99.82 99.68
col_legno 3611 95.60 92.14 93.84
harmonic 3173 98.13 97.45 97.79
plucked 6064 99.25 96.49 97.85

Macro avg 129,121 98.13 96.47 97.29
Weighted avg 129,121 99.39 99.39 99.39
Accuracy 99.39

Figure 6 shows the row-normalised confusion matrix. The matrix confirms that the
dominant bowed class is not merely inflating the pooled score: harmonic and plucked are
also classified with high recall. The main residual error is the partial absorption of minority
classes into the bowed category. Col legno shows the highest error rate, with approximately
8% of its instances predicted as bowed. Harmonic and plucked show smaller but similar
error patterns, with approximately 3% of each class assigned to bowed.

Per-instrument results require careful interpretation because the per-instrument label
space is not uniformly populated across all voices. Cello contains no plucked test instances,
and viola contains no col legno test instances. As a result, per-instrument macro-F1 is not
directly comparable across instruments, since some class-level scores are undefined for
instruments with zero support in a given family. Weighted F1 and class-level recall are
therefore more informative for these diagnostics. Under this interpretation, cello and viola
remain strong on the classes present in their test partitions, with weighted F1 scores of
99.94% and 99.73%, respectively. Violin 2 remains the most difficult voice-level case, with
91.87% macro-F1 and 97.68% weighted F1, while violin 1 achieves 97.66% macro-F1 and
99.16% weighted F1.

Overall, EXP4 shows that broad technique-family recognition is highly reliable in the
SECD, even under a strongly imbalanced class distribution inherited from both string-
performance practice and the available source-note recordings. The remaining errors are
concentrated in acoustically plausible confusions between minority sound-production
regimes and bowed samples, rather than in systematic failures across all classes.
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Figure 6. Row-normalised confusion matrix for EXP4 playing-technique-family recognition on the
held-out test set. The main residual error is the absorption of minority technique families into the
bowed category, especially for col legno. Darker cells indicate higher row-normalised values, while
lighter cells indicate lower values.

5.6. Summary

Table 11 consolidates results across the four benchmark experiments. To our knowl-
edge, these are the first reported reference results under this specific controlled formulation
for each task. They should be interpreted as in-domain reference performance under the
complete-instance-disjoint benchmark splitting procedure described in Section 4, rather
than as upper bounds for source-note-disjoint or external-recording generalisation.

Because the four tasks differ substantially in class balance, Table 11 also reports a
majority-class reference value for each experiment. This value is computed from the held-
out test-set supports and corresponds to the accuracy obtained by always predicting the
most frequent class. It is included as an interpretive reference rather than as a separately
trained baseline model, and is especially important for EXP4, where the bowed family
dominates the pooled voice-level distribution.

Table 11. Summary of benchmark results under the in-domain evaluation protocol. Majority reference
denotes the accuracy obtained by always assigning every test instance to the most frequent class in
that experiment’s held-out test set; it is computed from the class supports and is not a separately
trained model.

Exp Task Classes Maj. Ref. (%) Acc. (%) Macro-F1 (%)

EXP1 Ensemble size 3 35.26 98.67 98.64
EXP2 Chord quality 4 25.28 93.73 93.73
EXP3 Dynamics (arco-normal only) 5 24.26 98.19 98.01
EXP4 Technique family 4 90.05 99.39 97.29

The AST-based models exceed the majority-class reference by a wide margin in all
four experiments. For EXP1, EXP2, and EXP3, the reference values are low because the
held-out test sets are relatively well distributed across classes. EXP4 requires more careful
interpretation: assigning every test instance to the bowed family would already yield
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90.05% accuracy. However, the model reaches 99.39% accuracy and 97.29% macro-F1,
indicating that performance is not explained solely by the dominant bowed class and that
the minority technique families are also recognised with high reliability.

6. Potential Applications and Research Use Cases
The SECD and its associated benchmarks support research directions in music in-

formation retrieval, audio representation learning, computational musicology, and music
education technology. The use cases discussed below should be understood as research-
oriented applications: they identify tasks for which the SECD provides controlled training,
evaluation, or diagnostic material, rather than claiming immediate deployment readiness.
In each case, the relevant contribution of the SECD lies in the combination of constructed
polyphonic string mixtures, deterministic metadata, and per-voice annotations for pitch,
dynamics, and playing technique.

6.1. Controlled Harmonic and Ensemble-Structure Analysis

The SECD can support controlled research on harmonic- and ensemble-structure analysis
in bowed-string audio. Most audio chord-recognition work addresses continuous musical
recordings, where chord labels must be estimated over time and where segmentation, key
context, harmonic rhythm, and global musical structure affect the recognition problem [19–21].
The SECD defines a complementary setting: isolated harmonic intervals and chord events
are rendered as polyphonic string mixtures with known ensemble size, chord or interval
label, voicing condition, instrument assignment, and per-voice metadata. This makes it
possible to study chord-quality and voice-multiplicity recognition without the additional
confounds of full-song segmentation and long-range harmonic tracking.

This direction is represented by the EXP1 and EXP2 benchmarks. EXP1 evaluates
whether the number of simultaneously sounding string voices is recoverable from a monau-
ral mixture signal, while EXP2 evaluates whether triad quality remains recoverable when
chord tones are realised by different string instruments across both loose and strict triad
metadata regimes. The observed major–minor confusions in EXP2 are informative because
these two categories differ by a single semitone in one chord voice. Such confusions indicate
that the SECD captures a fine-grained acoustic discrimination problem in which symbolic
harmonic differences are embedded within overlapping string spectra. Beyond the repre-
sentative EXP1 and EXP2 benchmarks, the released ontology and metadata support future
work on harmonic interval recognition, seventh-chord classification, and inversion-aware
recognition. These tasks extend the benchmark space enabled by the SECD but are not
evaluated in the present dataset-introduction study.

The same material can also support computational musicology and acoustic-perception
studies. Because the harmonic labels, instrument roles, and metadata fields are controlled
by construction, confusion patterns can be analysed as corpus-internal evidence about
which chord or interval categories become acoustically closer under a given string-ensemble
construction regime. This does not replace human listening experiments, but it can generate
testable hypotheses about the relationship between symbolic harmonic categories and
realised string sound. Such a framing is consistent with perception research showing that
interval and chord perception depend not only on abstract pitch distance, but also on
register, timbre, grouping, harmonicity, roughness, and listener context [4,25,26].

6.2. Per-Voice Expressive Attribute Recognition

A second use case concerns recognition of expressive per-voice attributes in polyphonic
string mixtures. The SECD is not limited to chord labels: each present instrument voice
is also associated with dynamic and playing-technique metadata. This makes it possible
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to study whether models can recover attributes that belong to individual voices even
when the input is a single mixed waveform. EXP3 addresses this problem through per-
instrument dynamics classification under an arco-normal-only condition, while EXP4
addresses technique-family recognition by mapping the 21 atomic technique labels into
four broader sound-production families.

This direction is relevant because dynamics and playing techniques are not merely
symbolic annotations. Changes in dynamic level can alter both signal energy and spectral
structure, while bowing, pizzicato, harmonics, col legno, vibrato-related categories, and
mute-related conditions shape the temporal envelope, spectral distribution, and perceived
timbre of string sound [1,4,17]. The SECD therefore enables controlled evaluation of
whether such performance-related attributes remain detectable when several string voices
are combined into a single acoustic scene.

This use case also has implications for music education technology and performance-
feedback research. The SECD does not model live ensemble rehearsal interaction, but it
provides a controlled intermediate setting in which per-instrument dynamics and broad
technique-family labels are available inside polyphonic mixtures. Future educational
systems could use SECD-like material for pre-training or diagnostic evaluation before being
tested on independently recorded student or ensemble data. Such deployment-oriented
claims require external validation and should not be inferred directly from the present
in-domain benchmark results.

6.3. Multi-Task Representation Learning and Synthetic-to-Real Transfer

The SECD can serve as a specialised multi-task benchmark for evaluating audio
representations on closely related string-ensemble tasks. MARBLE formalises the need for
broad and reproducible evaluation of music audio representations, defining a taxonomy
that spans acoustic, performance, score-level, and high-level MIR tasks [46]. The SECD is
narrower in scope, but deeper within one controlled domain: the same constructed string-
mixture representation can be evaluated for ensemble size, triad quality, per-instrument
dynamics, and playing-technique family.

This structure enables controlled experiments on representation sharing. A single
backbone can be tested for sensitivity to harmonic structure, voice multiplicity, dynamic
level, and sound-production family. Such experiments can ask whether these attributes
are mutually reinforcing, independent, or interfering when learned jointly from the same
audio input. This is particularly relevant for transformer-based audio models, where
a shared representation may encode multiple musical dimensions at once. Beyond the
independent instrument-specific heads used in the present reference baselines, future work
can investigate structured multi-voice models that explicitly represent dependencies among
simultaneously sounding instrumental voices.

The SECD is also relevant to synthetic-to-real transfer research. Its mixtures are syn-
thetic in the sense that they are generated by linear superposition, but they are constructed
from professionally recorded instrumental notes rather than from purely symbolic or
MIDI-rendered synthesis. This places the SECD between isolated-note corpora and real
ensemble recordings: it offers exact label control while retaining many acoustic properties
of recorded string tones. Recent work has shown that artificial polyphonic mixtures created
from monophonic recordings can be effective for pre-training polyphonic transcription
models [47], while MT3 demonstrates the relevance of transformer-based transfer learning
for multi-instrument transcription under low-resource conditions [48]. Future work can
therefore evaluate whether SECD-trained models transfer to independently recorded string
ensemble data and extend source-note-disjoint analysis beyond EXP2 to the remaining
benchmark tasks.
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6.4. Attribute-Aware Source Attribution and Separation Research

The SECD may also support research on source attribution and attribute-aware sep-
aration, although it should not be presented as a conventional source-separation dataset
unless separated stems or reconstruction targets are explicitly released. Its immediate
contribution is different: each constructed mixture is associated with the instrumental
role, pitch, dynamic marking, and playing technique of every present voice. This enables
auxiliary supervision for models that attempt to infer which instrument contributes which
musical or expressive attribute within a mixture.

This direction is complementary to synthetic chamber-ensemble separation datasets
such as EnsembleSet, which was introduced to address the limited availability of sizeable,
bleed-free multitrack datasets for separating similar-sounding ensemble sources [49]. En-
sembleSet emphasises continuous chamber-ensemble material, multitrack rendering, and
source separation. The SECD instead emphasises isolated harmonic events with explicit
per-voice symbolic and performance-related metadata. The two dataset paradigms there-
fore address adjacent but distinct needs: one is oriented toward separation of continuous
ensemble recordings, while the other enables controlled analysis of harmonic, instrumental,
dynamic, and technique attributes inside short polyphonic string events.

Future work could examine whether auxiliary prediction of ensemble size, instrument
participation, dynamics, or technique family improves the internal representations used
by separation or source-attribution systems. This frames the SECD as a metadata-rich
diagnostic corpus for attribute-aware mixture analysis rather than as a direct replacement
for multitrack separation benchmarks.

6.5. Reproducible Benchmarking and Dataset Diagnostics

Finally, the SECD provides a reproducible testbed for controlled MIR benchmarking.
Because the dataset is generated through explicit construction rules and exposes structured
metadata for each mixture, researchers can design ablation studies that isolate the effects
of ensemble size, harmonic type, strict versus loose metadata consistency, dynamic level,
playing technique, and source-note reuse. This is useful for diagnosing whether a model is
learning musically meaningful structure or exploiting easier corpus-specific regularities.

The distinction between the primary SECD corpus, the experimental mel-spectrogram
cache, and the mini-SECD demonstration package is central to this use case. The full
corpus supports acoustic experiments on constructed WAV mixtures and metadata. The
feature cache supports efficient reproduction of the AST-based experiments. The mini-
SECD package verifies the code path, data loading, splitting, collation, and model execution
without requiring the full dataset download. Together, these resources allow researchers to
reproduce the benchmark pipeline, test alternative models, and inspect how changes to the
evaluation protocol affect reported performance.

This diagnostic role is especially important given the controlled source-note reuse
discussed in Section 4. Because the SECD preserves explicit constituent-source references
together with structured per-voice metadata, researchers can construct reproducible eval-
uation partitions that address different, explicitly bounded evaluation questions within
the same underlying corpus. Complete-instance-disjoint partitions evaluate previously
unseen mixtures assembled from the controlled source pool, whereas source-note-disjoint
partitions evaluate mixtures composed entirely of exact source-note recordings not ob-
served during model development. The appropriate protocol depends on the research
question, because each evaluates a different and explicitly bounded form of generalisation.
The EXP2 source-note-disjoint diagnostic presented in this work illustrates how the effect
of this protocol choice can be quantified empirically. The SECD therefore contributes not
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only benchmark tasks and reference results, but also the metadata required for transparent,
reproducible, and research-question-specific evaluation design.

7. Discussion
The strong complete-instance-disjoint, in-domain performance of the AST-based base-

lines across all four tasks indicates that pre-trained transformer audio representations
capture discriminative spectro-temporal information relevant to the selected SECD classifi-
cation tasks, even though AudioSet contains no annotations specifically targeting classical
string instrument attributes. This strong in-domain baseline performance is consistent with
prior work on music tagging [34] and contrastive audio representation learning [35]. The
EXP1–EXP4 benchmark results should be interpreted within this declared protocol and do
not establish source-note-disjoint or independently recorded ensemble generalisation. The
complementary EXP2 diagnostic provides a narrower evaluation of triad-quality recogni-
tion using unseen exact source-note recordings; its findings should not be extrapolated to
the other benchmark tasks or to external ensemble recordings.

These results should be interpreted in relation to the specific ontology implemented by
the SECD. The benchmark labels are musically meaningful, but they operate at a controlled
and deliberately simplified level: chord quality is defined over rendered pitch combinations,
dynamics over nominal markings, and technique over broad sound-production families.
In live performance, these properties interact with register, phrasing, ensemble balance,
articulation detail, and listener expectations [2,4,17]. The SECD is therefore best understood
as a high-control benchmark for studying how such attributes are reflected in audio, not as
a complete model of string quartet performance.

The four benchmark tasks probe different aspects of this controlled acoustic setting.
EXP1 evaluates whether the model can infer voice multiplicity from spectral density
and overlapping string sonorities. EXP2 evaluates whether harmonic quality remains
recoverable when chord tones are realised by different string instruments across both
loose and strict triad metadata regimes. EXP3 tests whether nominal dynamic markings
remain encoded in the mixture beyond simple amplitude differences, while EXP4 evaluates
whether broad sound-production regimes can be recovered despite severe family-level
imbalance. Taken together, the tasks show that the SECD is not a single-purpose chord
dataset, but a multi-attribute benchmark for studying harmonic, timbral, dynamic, and
textural information in polyphonic string audio.

The strongest results occur in EXP1, EXP3, and EXP4, whereas EXP2 is comparatively
more difficult. This ordering is musically plausible. Ensemble size, dynamic level, and
broad technique family can produce distributed spectro-temporal signatures, while triad
quality often depends on smaller pitch-class differences embedded within overlapping
harmonic spectra. The major–minor confusions observed in EXP2 are therefore informative:
they indicate that the benchmark captures a fine-grained acoustic discrimination problem
rather than merely a coarse chord-labelling task.

The EXP4 results also illustrate why accuracy alone is insufficient for the SECD.
Because the bowed family dominates the pooled voice-level distribution, the high overall
accuracy must be interpreted together with macro-F1 and the class-normalised confusion
matrix. The strong minority-class results suggest that the model is not simply exploiting
the bowed majority. However, the residual tendency of minority classes to be absorbed
into the bowed category shows that family-level imbalance remains a modelling challenge.

Several limitations qualify these conclusions. First, the SECD is constructed by linear
superposition of pre-recorded isolated notes and therefore does not include the interac-
tional mechanisms of live string ensemble performance. It excludes performer feedback,
adaptive intonation, phrase-level timing negotiation, gesture-mediated coordination, room
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interaction, sympathetic resonance, and changing bowing decisions that arise when musi-
cians respond to one another in real time. Work on string quartet interdependence shows
that real ensemble performance can be characterised through coupled behaviour across
timing, intonation, dynamics, timbre, and articulation [3]. The SECD should therefore be
interpreted as a controlled acoustic corpus for chord-level string-mixture analysis. General-
isation from SECD-trained models to independently recorded ensemble performance must
be evaluated empirically.

Second, the compositional construction of the SECD means that individual source-note
recordings may reappear across multiple interval and chord instances, including across the
benchmark partitions. This is a structural property of a controlled compositional corpus
generated from a finite source pool and should be distinguished from duplicate-instance
leakage. The EXP2 audit quantified extensive source reuse in the original split, while the
complementary diagnostic enforced zero exact source overlap between the retained devel-
opment pool and the diagnostic test set after excluding cross-partition mixtures. Under
this stricter protocol, accuracy decreased from 93.73% to 77.87%, and macro-F1 decreased
from 93.73% to 77.99%. This reduction indicates that the reported EXP2 performance likely
benefited in part from source reuse. However, because enforcing source-note disjointness
also substantially reduced the retained training set, the observed performance decrease
cannot be attributed exclusively to source reuse. The retained diagnostic performance
nevertheless indicates that triad quality remains partly recoverable from unseen exact
source-note recordings within the controlled SECD domain. Because the diagnostic is
restricted to EXP2 and uses a substantially smaller retained subset, it should be interpreted
as targeted supplementary evidence rather than as source-note-disjoint validation of all
SECD benchmark tasks.

Third, the distribution of playing techniques is dominated by standard bowed material,
especially arco-normal. This reflects the dual origin of the corpus: normal bowing is
the principal sound-production mode of bowed string performance, and the available
professionally recorded source-note pool contains more standard bowed examples than
rare or specialised techniques. The EXP4 results should therefore be read as performance
under realistic family-level imbalance, with macro-F1 reported alongside accuracy to avoid
overstating performance on the bowed majority class.

Fourth, the violin 2 result in EXP3 (87.10% macro-F1) highlights the importance of
considering per-instrument support and role-specific construction when interpreting multi-
head classification results. Violin 2 has substantially lower support and shows greater
difficulty on adjacent dynamic levels, but the present evaluation does not isolate the relative
contributions of sample support, the fixed violin 2 transformation, quartet-only context,
instrument role, or overall mixture configuration. Data augmentation strategies [50] may
be relevant to this setting, but their effect remains to be evaluated in future work.

Finally, the full SECD corpus provides substantial material for additional tasks beyond
the four representative benchmarks reported here, including seventh-chord classification
and harmonic interval recognition, with 101,278 and 101,224 available samples, respectively.
These tasks, together with inversion-aware recognition, constitute natural directions for
extending the SECD benchmark suite in future work.

These limitations also point to the SECD’s broader methodological value. Because
the dataset construction process is explicit and controllable, the corpus can support staged
experiments on label granularity, source-note overlap, synthetic-to-real transfer, and the
trade-off between ecological validity and annotation precision. In that sense, the SECD
contributes not only benchmark numbers but also a reproducible framework for asking
which musical attributes remain identifiable once multiple string voices are combined into
a single acoustic scene.
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8. Reproducibility and Data Availability
Throughout this paper, we distinguish between the primary SECD corpus, the exper-

imental feature cache, and the mini-SECD demonstration package. The primary SECD
corpus consists of constructed WAV mixture files and accompanying metadata and is
released through Zenodo. The experimental feature cache consists of mel spectrogram
tensors derived from the SECD WAV mixtures for the AST-based experiments; these tensors
are implementation artifacts of the benchmark pipeline rather than the primary dataset
format. The mini-SECD package is provided through the project GitHub repository and
includes metadata-compatible empty WAV placeholders and pre-computed mel spectro-
grams, allowing the codebase to be executed without downloading or processing the full
SECD WAV corpus.

8.1. Mini-SECD Demonstration Package

To support code-level reproducibility without requiring the full SECD corpus,
we provide mini-SECD, a compact demonstration package containing approximately
1600 pre-computed mel spectrogram tensors balanced across the four benchmark settings.
Mini-SECD includes reconstructed CSV metadata files, metadata-compatible empty WAV
placeholders with valid audio headers, and a folder structure mirroring the full dataset.
The placeholder WAV files preserve path compatibility in the codebase; the acoustic inputs
used by the demonstration pipeline are the included pre-computed mel spectrograms.
Mini-SECD therefore verifies the benchmark code path, including data loading, splitting,
collation, and model execution, but is not intended as an acoustically complete subset of
the full SECD WAV corpus.

8.2. Split Generation

Experimental train/validation/test splits are generated within each benchmark
pipeline after task-specific filtering and label mapping. The resulting split indices are
stored to disk and reused for exact reproduction of the reported EXP1–EXP4 runs.

The complementary EXP2 source-note-disjoint diagnostic used a separate source-
controlled partition constructed from the existing EXP2 mixtures according to the eligibility
and exclusion rules described in Section 4. The same EXP2 model architecture, preprocess-
ing, cached features, label definition, and training configuration were then applied to the
retained train/validation/test partitions.

8.3. Licence and Access

The full SECD corpus is publicly released through Zenodo and consists of constructed
WAV mixture files and accompanying metadata. The original isolated Philharmonia Orches-
tra solo recordings are not redistributed as part of the SECD. The SECD should therefore
be understood as a derived mixture corpus constructed from the source material, not as a
redistribution of the original solo-note library.

The project repository provides split-generation code, benchmark scripts, and the
mini-SECD demonstration package. The conditions of reuse for repository materials are
specified in the repository licence. Metadata and other non-audio derivative files are
released under the licence specified in the public repository. The licensing status of the
constructed SECD WAV mixtures is stated explicitly in the Zenodo record.

9. Conclusions
We have presented the SECD, a large-scale annotated dataset comprising 287,088 string

ensemble harmonic-interval and chord instances for controlled MIR benchmarking. The
dataset supports four representative reference classification tasks: ensemble size recog-
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nition, chord quality identification, per-instrument dynamics classification, and play-
ing technique-family recognition. AST-based baseline models achieve strong complete-
instance-disjoint, in-domain performance across these tasks, with accuracies ranging from
93.73% to 99.39%, establishing, to our knowledge, the first reported results under this
specific controlled benchmark formulation.

The paper also provides an explicit methodological account of controlled source-
note reuse in datasets constructed from finite pools of isolated recordings. For EXP2, we
quantified the extensive source overlap in the original complete-instance-disjoint split and
performed a complementary source-note-disjoint diagnostic with zero exact source overlap
between the retained development pool and the diagnostic test set. Performance decreased
substantially under this stricter evaluation, indicating that the reported EXP2 result likely
benefited in part from source reuse, while triad quality remained partly recoverable from
unseen exact source-note recordings. This diagnostic constitutes targeted supplementary
evidence for EXP2 and should not be interpreted as source-note-disjoint validation of
the other benchmark tasks or as evidence of generalisation to independently recorded
ensemble audio.

More broadly, the constituent-source information and structured per-voice metadata
preserved by the SECD enable researchers to construct reproducible evaluation partitions
aligned with different, explicitly bounded research questions. Future work can extend
source-note-disjoint evaluation to the other SECD tasks, expand the benchmark suite to
seventh-chord classification, harmonic-interval recognition, and inversion-aware chord
recognition, investigate structured multi-voice modelling, and validate SECD-trained mod-
els on independently recorded ensemble audio. The SECD therefore provides a controlled
and reproducible research platform for fine-grained string-ensemble audio analysis and for
systematically examining how evaluation design affects measured performance.
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