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Background

Timbre-related audio features are a useful tool in music
psychology and related fields to investigate the relationship
between perceptual phenomena and their physical correlates
in the signal. Although the relation between certain timbre
dimensions and specific audio signal features is well-
documented (e.g. brightness perception and spectral
centroid [14]), often multiple similar descriptors exist and
the effectiveness of different descriptors for predicting
perceptual ratings of timbre dimensions can depend on
implementation details and parameter choices (see e.g. [7]).

Beyond low-level audio features and acoustic models, recent
studies have investigated the potential of Large Language
Models to interpret timbre semantics and music similarity
[13, 5], yielding mixed results. Multimodal (audio-text)
models, which integrate both sound and textual descriptions
[17], hold particular promise in representing and extracting
timbre-related sound concepts.

Aims

Based on listener data, the current experiment aims to: (1)
compare timbre-related audio descriptors across different
feature extraction libraries in terms of how well they align
with human perceptual ratings of “brightness” [14],
“roughness™ [16] and “percussiveness” [4]. To this end, we
include both stimuli with a uniform pitch (E4) as well as
varied pitches for higher ecological validity; and (2) evaluate
the potential of multimodal embedding models to capture
these perceptual timbre concepts.

Methods

After collecting listener ratings for a set of instrumental
tones, the average ratings were tested for correlations with
audio features extracted from the stimuli as well as with a
proximity measure in multimodal embedding spaces (see
upcoming sections).

Listening Experiment and Audio Stimuli

Ratings were collected for 20 instruments from the Vienna
Symphonic Library, including violin, cello, guitar, harp,
piano, harpsichord, celesta, harmonium, bassoon, clarinet,
flute, saxophone, oboe, trumpet, horn, trombone, cornet,
marimba, tubular bells, and vibraphone. The stimulus set
consisted of 40 examples, with two recordings of each
instrument:

1. One at the same pitch (E4), referred to as 'E4’
condition.

2. One at a (different) pitch typical for the instrument's
register, referred to as the 'other' condition.

Each stimulus was rated by 31 subjects on the perceptual
scales of “brightness”, “roughness” and “percussiveness”

using sliders.

Audio Feature Extraction

Subject ratings were compared to relevant audio features
extracted via Librosa [9], Essentia [3], Praat/Parselmouth
[2,6], MIRtoolbox [8], Matlab Audio Toolbox,
AudioCommons Timbral Models [10], PyTimbre [11] and
Meyda [12].

In most cases, default parameters suggested by the library
were used. Additionally, in some cases, custom calculations
(i.e. for percussiveness measures) or multiple different
parametric combinations were tested (e.g. 'Sethares' and
'Vassilakis' for roughness calculation via MIRtoolbox) .

Multimodal Embedding Similarity Calculation

Multimodal ~ embedding  models  generate  latent
representations of elements from different modalities (e.g.,
text and audio) within a shared embedding space. To
evaluate their potential for capturing timbre semantics, we
compare the perceptual ratings with the cosine similarity of
the stimuli to the verbal descriptions (“bright”, “rough” and
“percussive”) in multimodal embedding spaces based on

LAION-CLAP [17]. The following models were used:

Model 1: 630k-audioset-best

Model 2: 630k-audioset-fusion-best

Model 3: music_audioset_epoch_15_esc_90.14

Model 4: music_speech_epoch_15_esc_89.25

Model 5: music_speech_audioset_epoch_15_esc_89.98

Results

Interrater Reliability

Overall, subjects showed the highest agreement in the
evaluation of brightness, significantly less agreement on
roughness, and the least agreement on percussiveness (see
Table 1).

Table 1: Interrater-agreement measures for the different
timbre dimensions.

Rating category | Mean pairwise r | Cronbach’s a

Brightness 0.648 0.980
Roughness 0.333 0.944
Percussiveness 0.212 0.881

Audio Feature Correlations and Pitch-Dependency

The following sections present the results of the correlation
analysis for each tested timbre dimension.
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Brightness

In the case of brightness, a strong pitch dependency is
evident when comparing the results for all stimuli vs. those
including only the 'E4' stimuli (same pitch condition) (see
Table 2).

Table 2: Pearson correlations of average brightness ratings
vs. extracted audio features; *: p < 0.05; **: p < 0.01.

Audio Feature Library all E4
Pitch (F0) Praat 0.785** | -0.160
Sharpness AudioCommons | 0.731** | 0.567**
Sharpness MATLAB . .
DIN45692 Audio Toolbox 0.715 0.451

Spectral MIRtoolbox | 0.628** | 0.551*
Centroid

Attack Slope MIRtoolbox 0.180 | 0.702**

Spectral Flatness | MIRtoolbox 0.356* | 0.654**

Models for sharpness, as implemented in AudioCommons
Timbral models or MATLAB audio toolbox, consistently
showed correlations with human brightness ratings across
both pitch conditions (see Figure 1).
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Figure 1: Average brightness ratings vs. timbral sharpness

as calculated via AudioCommons Timbral Models.
Although in fact pitch (FO) showed the highest fit to
brightness ratings when considering all pitches, it is
understandably not a suitable feature when comparing tones
at the same pitch (see Figure 2).
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Figure 2: Average brightness ratings vs. pitch (F0) as
calculated via Praat.

Conversely, while the tones’ attack slope was related to
brightness perception when considering only the same pitch,

it failed to show a significant correlation as soon as different
pitches were compared (see Figure 3).
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Figure 3: Average brightness ratings vs. attack slope as
calculated via MIRtoolbox.

Roughness

In contrast to brightness, correlations between audio features
and roughness were less dependent on pitch (see Table 3).

Table 3: Pearson correlations of average roughness ratings
vs. extracted audio features; *: p < 0.05; **: p < 0.01.

Audio Feature Library all E4
Roughness o o

(Vassilakis, log) MIRtoolbox | 0.815 0.867
Roughness ok ok

(Vassilakis) MIRtoolbox | 0.694 0.669
Rougfiness MIRtoolbox | 0.564%* | 0.772%*

(Sethares)
Roughness AudioCommons | 0.671** | 0.711**
Dissonance Essentia 0.669** | 0.736**
Spectral Crest PyTimbre -0.730%* | -0.745%*
Zero-Crossing | \rpioolbox | 0.369% | 0.826%*
Rate

While most of the included roughness models showed
relatively strong correlations, the roughness values
calculated using MIRtoolbox with Vassilakis weighting [16]
were skewed in distribution, but exhibited a very strong
linear correlation with perceptual ratings after log-
transformation (see Figure 4).
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Figure 4: Average roughness ratings vs. roughness (log-

transformed) as calculated via MIRtoolbox using the

'Vassilakis' parameter.



While the zero-crossing rate might appear as a suitable
descriptor for roughness when considering stimuli at the
same pitch, it was sensitive to pitch differences (Figure 4).
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Figure 5: Average roughness ratings vs. zero-crossing rate
as calculated via MIRtoolbox.

Percussiveness

For percussiveness, we considered various measures derived
from harmonic-percussive source separation [4], with the
loudness difference between the percussive and harmonic
components showing the strongest correlation with
perceptual percussiveness ratings (see Figure 6). Loudness
was calculated using pyloudnorm [15]. Next to that, also
other measures such as a steeper attack (attack slope) and
higher shimmer were associated with greater perceived
percussiveness (see Table 4).

Table 4: Pearson correlations of percussiveness ratings vs.
extracted audio features; *: p < 0.05; **: p < 0.01.
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Comparison with Multimodal Embeddings

Table 5 and Figures 7-9 display the results of the
comparison between the perceptual timbre ratings and the
proximity of the stimuli to the corresponding verbal
descriptions (e.g. “bright”) in the embedding space for each
of the models. Embedding similarity only partially aligned
with human ratings, with the closest results for brightness.

Table 5: Pearson correlations of timbre description ratings
vs. embedding similarity; *: p < 0.05; **: p < 0.01.

Audio Feature Library all E4
Percussive— .
Harmonic Llllzﬁ((jjnsoﬁ/n 0.705** | 0.761**
Loudness A Py
Percussive LibROSA/ 0.679%* | 0.821%*
Loudness pyloudnorm
Attack Slope MIRtoolbox | 0.640** | 0.674**
Shimmer (Local) Praat 0.629** | 0.623**
Harmonicity Praat -0.611** | -0.504*
Perc/Harm . sk «
RMS Ratio LibROSA 0.586 0.530
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Figure 6: Average percussiveness ratings vs. loudness

difference of

the

percussive

and harmonic

signal

component as calculated via LibROSA and pyloudnorm.

Model Brightness | Roughness | Percussiveness
Model 1 0.570%** 0.234 0.240
Model 2 0.645** 0.210 0.328*
Model 3 0.021 0.071 0.501**
Model 4 0.419%* 0.079 0.178
Model 5 0.339* -0.066 0.097
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Figure 7: Average brightness ratings vs. embedding
similarity of the audio to the verbal description “bright”.
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Figure 8: Average roughness ratings vs. embedding
similarity of the audio to the verbal description “rough”.
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Figure 9: Average percussiveness ratings vs. embedding
similarity of the audio to the verbal description
“percussive”.

Discussion & Conclusion

While brightness showed the strongest pitch dependency in
this experiment, some features appeared relatively robust
across conditions, such as several sharpness models and
spectral centroid in case of brightness, log-scaled roughness
(Vassilakis [16]) for roughness, and the loudness difference
between percussive and harmonic signal components (after
harmonic-percussive separation via median filtering [4]) for
percussiveness.

Multimodal embedding models such as LAION-CLAP [17]
appear as a promising approach to extract predictions of
semantic timbre descriptions, however only partial
correlations to human ratings were observed in the present
experiment.
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