VALIDATION DATASETS

* Composite dataset of stimuli and behavioural data from [2, 3, 4, 5].
 Behavioural data captures aesthetic evaluation of chords.
* Intotal we have >23,000 ratings for model validation.

How pleasant is
this chord? N chord N
Dataset . .
types participants

BACKGROUND + AIMS

* Roughness + harmonicity strongly predict aesthetic responses to chords [1].

* Problem: Existing models generalise poorly to audio inputs [1].

* Aim: Develop improved models and benchmark them against existing
techniques (MIRToolbox, [7]).

Timbre
(5) Very pleasant

Bowling et al. [2] 298 K0 Piano

(4) Somewhat pleasant Frank & Harrison [3] 68 106 Shepard tones
ROUGHNESS HARMONICITY (3) Neutral Lahdelma & Eerola [4] 15 410 Piano
An unpleasant “grating” sensation in sound; The degree to which a chord’s spectral content
occurs due to nearby partials interacting, resulting resembles a single harmonic complex tone. (2) Somewhat unpleasant
in periodic loudness fluctuations called beating. Higher harmonicity = more pleasant.

Parncutt et al. [5] A (Piano) 19 21 Piano

Octave-complex

Parncutt et al. [5] B (OCT) 19 21 ¢
ones

(1) Very unpleasant

ROUGHNESS | Sum power in region of
SCORE ) interest (symmetric)

Waveform

METHOD: ROUGHNESS oz specregram Zscors) | 1
* \We adapt the soundsig Python package to extract the : _ "
modulation power spectrum (MPS) from audio files. " specroren i . [ mes | ¥ .
» MPS: 2D Fourier Transform on a spectrogram, £ ] Via Gaussian [ g 3 et -2 B
quantifies energy at different temporal modulation £ = . g
rates (TMR; i.e., beating rates) [10]. = e - f <
* Sum energy over a range of TMR values to get overall b e o = & :
roughness estimate. Ly e b R

- Optimised range (from behavioural data): 11 - 65 Hz RESULTS: ROUGHNESS ~  ©woree

(consistent with prior research [6]). We compare MPS to existing models [7] chosen for their performance in a prior review [1].
MPS yields the best (most strongly negative) correlation on average, and for all but one dataset.

Model Bowling et al. [2] | Frank & Harrison [3] | Lahdelma & Eerola [4] | Parncutt et al. [5] A | Parncutt et al. [5] B | Weighted avg. correlation
SPECTROGRAM g [2] [3] [4] [5] [5] g g
A 3D representation of a sound over time, broken down into MPS -.73 -.88 -.89 -.59 -.76 -.76
frequency/pitch components, and showing hOYV the amplitudes Sethares 1 _57 _.82 .75 .73 _57 _62
of each component change over time.
Sethares 2 -.45 -.85 -.84 -.55 -.52 -.54
Vassilakis -.32 -.84 -.53 .28 -.45 -.40

HARMONICITY
METHOD: HARMONICITY SCORES RESULTS: HARMONICITY

* Existing harmonicity models [8, 9] do not support audio input. p— S Wi st these pipelines sssiist e edsting mediel 7]

 Our approach: generate high-resolution chromagrams (120 models [8, ] . Other models exist but have been argued to be
chroma bins), convert them to pitch-class spectra, then input i inappropriate for chords [1]

them to existing models.

Smooth Pitch Class Spectrum  Both [8] and [9] outperform the existing alternative on
0.08
e Chromagram (CQT) . average and on all but one dataset.
B
) 08 0.06 * The model of [8] shows the best overall performance.
0.2 EG 0'6'%; %
(@] = = R
3 S 9 @ 0.04 : Frank & | Lahdelma | Parncutt Weighted
£ oo OE .= = Model 2;):;“?2% Harrison | & Eerola et al. [5] e?gin[c;]ﬁB avg.
g D 0.2 o ' [3] [4] A ' correlation
.2 c : .
B 0 0.5 1 o 15 2 } W \( Milne [9] .54 .66 46 21 .72 .95
0.00
CHROMAGRAM S 77 7 Bchclass ¢ Harison & .67 .76 18 .39 15 .65
6 05 Hme (o) 2 25 . . Pearce [8]
e (s) An octave-invariant spectrogram. Tracks
the energy of pitch classes over time. SPECTRUM
A 2D representation of a sound as a whole, broken MIRToolbox 19 _03 50 _07 _15 15
down into frequency, pitch, or pitch class Inharmonicity

components, and showing the amplitude of each.

EXP LAN ATO RY M O D E LLI N G POWE R Model Adjusted R?> B Roughness [ Harmonicity

Multiple regression over the full dataset: combined MPS and chromagram-based version of [8] MIFS & IR € [PEElEs = o0 Ut
outperform the combined best MIRToolbox methods. Sethares 1 + MIR Inharmonicity .40 -0.63 0.03 (n.s.)
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