Semantic Modelling for User Interaction with Sonic Content
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Abstract

We present a methodology for converting semantic descriptions of sounds into computable audio features.

This process aims to enable the use of commonly used notions of timbre in an audio engineering context where the user interacts (e.g. searches for sounds in large digital
collections) with sonic content, bridging the gap between the high-level perceptual sound notions and low-level machine-ready descriptors.

The experimental evaluation was achieved with a listening test for the semantic characterization of drum samples, from which results will be presented.
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- 48 audio features fitted to percussive instruments were computed, as defined in | |
[1]. 4 global descriptors were added to the final set: the average and variance of
the spectral centroid and spectral flux.
- Feature Transformation (e.g. Log) and Selection (e.g. Correlation-based RGSUltS
feature selection) procedures were used to create different sets for evaluation.
Instrument class and semantic descriptor information were added to further - Slight variations in regressor’s accuracy, but not significant enough to define a
regression analysis. method that well suits all the descriptors (across different audio feature sets),
- 4 regression techniques: Linear, Support Vector, Random Forest and Radial Ba- - Encouraging accuracy in comparison to related studies [4], reinforced by
sis Function (RBF). Following a 10-fold cross-validation procedure, performance hampering differences in experimental conditions (e.g. number of raters, diversity
was evaluated in terms of R2 index (the squared correlation coefficient, a standard of samples, overall complexity);
metric for measuring the accuracy of the fitting of the regression models) and the - High improvement of results (doubling accuracy in a case) when best subjects
correspondent MSE. where selected,;

- Confirmation of reported findings in timbre studies [3]: the relevance of spectral
centroid to the perception of Brightness, the association between MFCC and the
sensation of Tone, and the relevance of attack energy and log-attack time to the

Evaluatlon Hardness descriptor;

Verbal Attribute Magnitude Estimation (VAME) [2] Listening Test, where 47 musically - Significant inter-rater disagreement, as well as intra-class divergence (e.g. for
trained participants (80.4% musicians, 54.3% percussionists, 37.0% experienced Hardness and Tone descriptors), which hinders firm inferences.

with DAW’s) rated 30 percussive samples (2 types: membranes and plates; 7 classes:
Kick, Snare, Tom, China, Hi-Hat, Crash, Ride) in a 6-point ordinal scale for the chosen
semantic lexicon:

All Subjects Top-5 Subjects

Descriptor Regressor All Features (AF) AF + Class
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Linear 0.389 0.654 0.695
Brightness

S, - Brightness: the quality in sound of being clear, vibrant, and typically

RBF 0.388 0.677 0.688
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S, - Hardness: the quality in sound of being firm, rigid, stiff; o | M wee oom oo oo

S, - Tone (Sensation): the sound provokes a tonal sensation (pitch); enly Histograms for sampleriel Hlate/Hrar om0 0w
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S, - Size: the apparent external size, form of the sound source; o o ome  oms
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Conclusions

Our studies demonstrated the adequacy of the semantic approach for the description of sonic content (namely for percussive instruments). Despite the promising results,
statistical validity could not be assured due to the reported inconsistencies in ratings.

In this regard, we could ascertain the relevance of experimental design-related aspects to the overall performance and statistical validity: semantic descriptors must be
unequivocal and suitable to a consistent set of sonic samples, the quality and reliability of the ratings; these are key factors for overall performance and statistical validity,
assuming a pivotal role on a semantic framework.

In spite of the limitations, we were able to infer reported relationships between acoustic/psycho-acoustic descriptors and semantic attributes, confirming reference liter-
ature, while validating our framework and pave the way for future work.
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