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A LITTLE EXPERIMENT
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IDENTIFY THE HUMAN PIANIST

Friedrich Kuhlau, Allegro Burlesco, Op.88 No.30
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Al & MUSIC
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COMPUTATIONAL MUSIC PERCEPTION

JXU

input layer

MUSIC DETECTION
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hidden layer 1 hidden layer 2 hidden layer 3

COMPUTATIONAL MUSIC PERCEPTION
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* Schliiter, J. (2017). Deep Learning for Event Detection, Sequence Labelling,
and Similarity Estimation in Music Signals. PhD Thesis, Johannes Kepler

University Linz, Austria, 2017.

MUSIC I

Test GT True ratio Est. Ratio Accuracy Precision Recall F-Score
week mode (%) (%) (%) (%) (%) (%)
1 min 77,63 77,39 96,66 98,00 97,69 97,84
1 max 78,95 77,39 96,59 98,80 96,86 97,82
1 ave 78,29 77,39 96,62 98,40 97,27 97,83
1 same 78,67 77,79 97,25 98,79 97,69 98,24
2 min 80,09 79,43 96,73 98,36 97,54 97,95
2 max 82,07 79,43 96,21 99,27 96,09 97,65
2 ave 81,08 79,43 96,47 98,81 96,81 97,80
2 same 81,70 80,29 97,40 99,27 97,54 98,40
3 min 74,42 73,89 94,13 96,38 95,70 96,04
3 max 77,04 73,89 94,30 98,27 94,26 96,22
3 ave 75,73 73,89 94,21 97,33 94,97 96,13
3 same 76,43 74,45 95,40 98,24 95,70 96,95
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* Schliiter, J. (2017). Deep Learning for Event Detection, Sequence Labelling,
and Similarity Estimation in Music Signals. PhD Thesis, Johannes Kepler

University Linz, Austria, 2017.
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COMPUTATIONAL MUSIC PERCEPTION

RHYTHMIC STRUCTURE: Beat, Tempo, Measures/Bars, Rhythm

* Krebs, F., Holzapfel, A., Cemgil, A.T. and Widmer, G. (2016).
J ! U Inferring Metrical Structure in Music Using Particle Filters.
IEEE Transactions on Audio, Speech & Language 23(5), 817-827.

COMPUTATIONAL MUSIC PERCEPTION

Florian Krebs

IEEE Sig nal ProceSSing Cu p 201 7 * Kreb_s, F., Ho!zapfel, A, Ce_mgil, AT a_nd Widn_'ler, G (2016).
JXU |CASSP 2017, New Orleans IEEE Tiansoctonson Audo, Spesah & Longuage 39 81762
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COMPUTATIONAL MUSIC PERCEPTION

A7 D7/b9 G7 Db7 Cmaj7

E7/b5

Key: C major

HARMONIC STRUCTURE: Key, Chords, Chord Sequences
Beat, Tempo, Measures/Bars, Rhythm

* Korzeniowki, F. (2018).
Harmonic Analysis of Musical Audio using Deep Neural Networks.

PhD Thesis, Inst. of Computational Perception, Johannes Kepler

J ¥ U University Linz (JKU).

COMPUTATIONAL MUSIC PERCEPTION

SEGMENT STRUCTURE: Chorus, Verse, Song Boundaries, ...
Key, Chords, Chord Sequences

Beat, Tempo, Measures/Bars, Rhythm

* Grill, T. and Schliiter, J. (2015).
Music Boundary Detection Using Neural Networks on Combined Features

and Self-similarity Lag Matrices. In Proceedings of EUSIPCO 2015, Nice.
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COMPUTATIONAL MUSIC PERCEPTION

GENRE, STYLE: Jazz / Rock / Pop / Folk / HipHop / ...
Chorus, Verse, Song Boundaries, ....
Key, Chords, Chord Sequences

Beat, Tempo, Measures/Bars, Rhythm

JXU

COMPUTATIONAL MUSIC PERCEPTION

GENERAL MUSICAL SIMILARITY (e.g., for recommendation)
Jazz / Rock / Pop / Folk / HipHop / ...
Chorus, Verse, Song Boundaries, ....
Key, Chords, Chord Sequences
Beat, Tempo, Measures/Bars, Rhythm

JXU
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REAL-TIME MUSIC TRACKING

Video

J ! U * Arzt, A. (2017). Flexible and Robust Music Tracking.
PhD Thesis. Johannes Kepler University, Linz, Austria, 2016.

REAL-TIME MUSIC TRACKING

Live Input Score
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028 o042 n.uls 019 079 0.48 0.66 0.81 070 03 077 o092 n.;m. 021 081 071 098

064 065 023 083 094 083 04 053 039 02 051 036 021 oss 0 05 01 076 085
046 032 069 033 031 043 051 012 072 002 101 026 067 071 042 016 052 045 042 019 Feature

063 006 065 042 0.9 0.4 043 038 07 036 0% 08 0% 078 016 06 096 011 039 051 4

03¢ 07 057 043 035 0.95 025 072 054 028 rn.u oos 01 o oa os 0w oo 0w o EXtraction
032 017 072 019 076 03 093 067 03 0s2 032 0% 064 08 032 041 004 02 037 06

005 007 072 034 055 01 00 086 001 039 041 007 051 036 022 o6 041 06 073 052

—>

Multi-Agent
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REAL-TIME PIECE IDENTIFICATION AND TRACKING

Pianist:
Cynthia Liem

JXU

* Arzt, A. (2017). Flexible and Robust Music Tracking.
PhD Thesis. Johannes Kepler University, Linz, Austria, 2016.

REAL-TIME PIECE IDENTIFICATION

Tempo correction & Multi-agent
Candidate evaluation tracking
Piece ID &
, Score Position
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J ! U qtime:qtd;,> * Arzt, A. (2017). Flexible and Robust Music Tracking.

PhD Thesis. Johannes Kepler University, Linz, Austria, 2016.




CONCERTGEBOUW AMSTERDAM, Dec. 20, 2014

JXU

Royal Concertgebouw
Orchestra, Amsterdam

Mariss Jansons, conductor

* Arzt, A., Frostel, H., Gasser, M., Grachten, M. & Widmer, G. (2015).
Artificial Intelligence in the Concertgebouw.
In Proceedings of the 24th International Joint Conference on
Artificial Intelligence (IJCAI 2015), Buenos Aires, Argentina.

CONCERTGEBOUW AMSTERDAM, Dec. 20, 2014

JXU

Royal Concertgebouw
Orchestra, Amsterdam

Mariss Jansons, conductor

* Arzt, A., Frostel, H., Gasser, M., Grachten, M. & Widmer, G. (2015).
Artificial Intelligence in the Concertgebouw.
In Proceedings of the 24th International Joint Conference on
Artificial Intelligence (IJCAI 2015), Buenos Aires, Argentina.
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COMPUTATIONAL MUSIC PERCEPTION

JXU

REAL-TIME IDE
GENERAL ARITY (e.g., for recommendation)
GENRE, /| Rock / Pop / Folk / HipHop / ...
SEGMENT & dCTURE: Chorus, Verse, Repeats, ....
HARMONIC STRUCTURE: Key, Chords, Chord Sequences
RHYTHMIC STRUCTURE: Beat, Tempo, Measures/Bars, Rhythm

MUSIC DETECTION

THEN WHAT IS HARD?

JXU

02.03.2021
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COMPOSING NEW MUSIC

c @ © © @ https:/openai com/blog/musenet, A -9 ymoE P

@ ABOUT PROGRESS RESOURCES BLOG

MuseNet

We've created MuseNet, a deep neural network that can
generate 4-minute musical compositions with 10 different
instruments, and can combine styles from country to
Mozart to the Beatles. MuseNet was not explicitly
programmed with our understanding of music, but instead
discovered patterns of harmony, rhythm, and style by
learning to predict the next token in hundreds of thousands
of MIDI files. MuseNet uses the same general-purpose
unsupervised technology as GPT-2, a large-scale
transformer model trained to predict the next token in a
sequence, whether audio or text.

MuseNet / GPT-2 (2019)
\. https://openai.com/blog/musenet/
J¥U

PLAYING MUSIC EXPRESSIVELY

TROIS NOCTURNES !
Larghetto sy Nomponert 13051 S =>» Play this piece!
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Frederic Chopin,
Nocturne Op. 9 No. 1
Bb minor

JXU
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EXPRESSIVE MUSIC PERFORMANCE

JXU

Loudness (sone)

Tempo (bpm)
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EXPRESSIVE MUSIC PERFORMANCE
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EXPRESSIVE MUSIC PERFORMANCE

o771 71 T T T T T T T T T T T T T T T T T 7

= Communicate musical structure
= Communicate artistic individuality and intentions
= Communicate expressive qualities

= Communicate / evoke emotions

= need to understand how music is constructed, and how it is perceived

i——— Chopin: Etude Op.10 no.3, £ major, mM. 1-21 —— 1+ 59 1 2 3

JXU

THE CON ESPRESSIONE PROJECT

® © @ Johannes Kepler University (AT) | https://wwwjku.at/en/institute-of-comp

B

KU / Institute of Computational Parcaption / Ressarch / Projects / C:

CON ESPRESSIONE

Towards Expressivity-aware Computer
Systems in Music

European Research Council

Established by the European Commission

j& tempo= when I want to
0 the right; left is slower.

www.jku.at/en/institute-of-computational-perception/
research/projects/con-espressione/

Project Summary

PROJECT DETAILS

What makes music so important, what can make a performance so FUNDING TYPE
special and stirring? It is the things the music expresses, the ERC Advanced
emotions it induces, the associations it evokes, the drama and Grant, European
characters it portrays. The sources of this expressivity are manifold: Research Council (ERC)
J ! U the music itself, its structure, personal )
social settings, but also -- and very importantly -- the act of CALL IDENTIFIER
and intentions made ERC-2014-AdG

explicit by the musicians through nuances in timing, dynamics etc.

14
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THE CON ESPRESSIONE PROJECT

= What kinds of expressive qualities do listeners perceive / differentiate?
= What is it in a performance that communicates an expressive quality?

= Can machines learn to recognise expressive qualities?

S = Can machines learn to play music “expressively”?
European Research Council . ‘ . , .
Establshe by the Eurapean Commission = Can machines become truly ‘musical’ companions?

= .. and what can we learn from all this?

JXU

THE CON ESPRESSIONE PROJECT

= What kinds of expressive qualities do listeners perceive / differentiate?
= Whatis it in a performance that communicates an expressive quality?

= Can machines learn to recognise expressive qualities?

= Can machines learn to play music “expressively”?

European Research Council . . . , .
P, = Can machines become truly ‘musical’ companions?

= .. and what can we learn from all this?

JXU
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THE CON ESPRESSIONE GAME

Con Espressione | JKU

&

c @

music-lis X [EH

Expressivity in mu

© 4 con-espressione.cp jku.at/questionnaire.php

B (so%

@

n @ s & ©

Questionnaire on Music Expressivity

Question 1: Ludwig van Beethoven - "Piano Sonata No. 14 in C-Sharp Minor, Op. 27 No. 2,

Moonlight: I. Adagio sostenuto”

Please listen to these excerpts, in any order, and as many times as you wish. Please, think of words (if
possible, adjectives) that best describe the character of each performance to you. Concentrate on the
performative aspects and not on the piece itself. Enter your response in the boxes to the right. You may

enter as many words as you wish.

To be able to submit your responses, please fill in all the boxes.
You can also select the performance that you liked best by clicking on one of the radio buttons in the

rightmost column.

2 > e 000 O —e

3 > e 000 © —

O Best
Composer  Piece #  Pianists
Bach Prelude No.1 in C, BWV 846 (WTC I) 7 Gieseking, Gould, Grimaud, Kempff, Richter, Stadtfeld, MIDI
Mozart Piano Sonata K.545 C major, 2nd mvt. 5 Gould, Gulda, Pires, Uchida, MIDI
Beethoven  Piano Sonata Op.27 No.2 C# minor, Ist mvt. 6 Casadesus, L Lim, Gulda, Schiff, Schirmer
Schumann  Arabeske Op.18 C major (excerpt 1) 4 Rubinstein, Schiff, Vorraber, Horowitz
Schumann  Arabeske Op.18 C major (excerpt 2) 4 Rubinstein, Schiff, Vorraber, Horowitz
Schumann  Kreisleriana Op.1 Sehr aufgeregt (ex. 1) 5 Argerich, Brendel, Horowitz, Vogt, Vorraber
Schumann  Kreisleriana Op.1 Sehr eregt (ex. 2) 5 Argerich, Brendel, Horowitz, Vogt, Vorraber
Liszt Bagatelle sans tonalité, S.216a 4 Bavouzet, Brendel, Katsaris, Gardon
Brahms 4 Klavierstiicke Op.119, 2. Intermezzo E minor 5 Angelich, Ax, Serkin, Kempff, Vogt

JXU

THE CON ESPRESSIONE GAME

1.515 individual descriptions for a total of
3.166 terms, of which
1.415 are unique (approx. 45%)

JXU

Table 1. Performances used in the Con Espressione Game.

4—) romantic

02.03.2021

* Cancino, C., Aljanaki, A., Chowdhury, S., Peter, S. and Widmer, G. (2020).
On the Characterization of Expressive Performance in Classical Music: First
Results of the Con Espressione Game. Proc. ISMIR 2020, Montreal, Canada.

16



PCA dimension 2

THE CON ESPRESSIONE GAME

PCA values of terms, performances as centroids of associated terms
@ontanous e MIDI
e Pires
o lain Uchids
Gulds
oiyid . Gould
o i
o show fat laccato
deginoc 4
org #d poaderous e gobatic
ponder mejapiotc pesceiul ‘:‘f....., b $anh
gem e
gradSne o e
Dimension 1 Dimension 2 Dimension 3 Dimension 4
” ood E_%; > > > 2
M PP (R” =0.24) PP (R” =0.18) PP (R” = 0.26) PP(R” =0.24)
e loudness avg 0.51"""  loudness sk 0.45"  loudness std —0.53""  beat period k —0.34"
& loudness std —0.44"
MF (R? = 0.39) MF (R? = 0.00) MF (R? = 0.00) MEF (R? = 0.29)
ol rhythmic complexity ——0.74" minorness 0.15 articulation ~ —0.15 rhythmic complexity — 0.52"
tonal stability —0.94" tonal stability 0.84""
articulation 0.46"
HF (R* = 0.22) HF (R? = 0.00) HE (R? = 0.36) HEF (R? = 0.09)
033 ) ; valence sk 0.48"* valence avg  0.14 valence k 0.42%* valence k —0.33"
020 013 a0 arousal avg  —1.24"""
valence std 0.27"
valence avg  —0.82"

JXU

THE CON ESPRESSIONE PROJECT

European Research Council

Established by the European Commission

JXU

02.03.2021

* Cancino, C., Aljanaki, A., Chowdhury, S., Peter, S. and Widmer, G. (2020).
On the Characterization of Expressive Performance in Classical Music: First
Results of the Con Espressione Game. Proc. ISMIR 2020, Montreal, Canada.

What kinds of expressive qualities do listeners perceive / differentiate?

What is it in a performance that communicates an expressive quality?

Can machines learn to recognise expressive qualities?

Can machines learn to play music “expressively”?

Can machines become truly ‘musical’ companions?

... and what can we learn from all this?

17
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PREDICTING AND EXPLAINING EXPRESSIVE QUALITIES?

input layer

JvyU Perceived expressive qualities

hidden layer 2 hidden layer 3

PREDICTING AND EXPLAINING EXPRESSIVE QUALITIES?

JvYu Perceived expressive qualities

Perceptual Feature

Question asked to human raters

Melodiousness

To which excerpt do you feel like singing along?

Articulation

‘Which has more sounds with staccato articulation?

Rhythmic Stability

Imagine marching along with the music.
Which is easier to march along with?

Rhythmic Complexity

Is it difficult to repeat by tapping?
Is it difficult to find the meter?
Does the rhythm have many layers?

Dissonance

‘Which excerpt has noisier timbre?
Has more di intervals (tritones, seconds, etc.)?

Tonal Stability

Where is it easier to determine the tonic and key?
In which excerpt are there more modulations?

Modality (‘Minorness’)

Imagine accompanying this song with chords.
Which song would have more minor chords?

[Aljanaki & Soleymani, ISMIR 2018]

* Haunschmid, V., Chowdhury, S. and Widmer, G. (2019).

Two-level Explanations in Music Emotion Recognition. ML4MD Workshop,

36th Intl. Conference on Machine Learning (ICML 2019), Long Beach, CA.

18
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PREDICTING AND EXPLAINING EXPRESSIVE QUALITIES?

Dim1 Dim2 Dim3 Dim4

VGG-ish  0.35 0.10 0.22 0.32
RF-ResNet  0.36 0.07 0.28 0.33
RF-ResNet DA 0.40 0.09 0.29 0.32
RF-ResNet DA+TS ~ 0.35 0.15 0.29 0.34

Table 1. Coefficient of determination (R2-score) of descrip-
tion embedding dimensions of the Con Espressione game us-
ing a linear regressor trained on predicted mid-level features.

RF-ResNet RF-ResNet DA+TS
Feature T Feature T
articulation 0.47 | melodiousness -039
rhythmic complexity ~ 0.41 | articulation 0.46

rhythmic complexity 0.41
dissonance 0.40

Table 2. Pearson’s correlation (r) for mid-level features with
the first description embedding dimension, with (right) and
without (left) domain adaptation. Features with p < 0.05 and
|r| > 0.20 are selected. This dimension has positive loadings
for words like “hectic”, “irregular”, and negative loadings for
words like “sad”, “gentle”, “tender”.

* Chowdhury, S. and Widmer, G. (2021).

Towards Explaining Expressive Qualities in Piano Recordings: Transfer of Explanatory
J ¥ U Features via Acoustic Domain Adaptation. Proc. 46 IEEE Int. Conf. on Acoustics,
Speech & Signal Processing (ICASSP 2021), Toronto, Canada.

THE CON ESPRESSIONE PROJECT

= Whatkinds of expressive qualities do listeners perceive / differentiate?
= Whatis it in a performance that communicates an expressive quality?

= Can machines learn to recognise expressive qualities?

= Can machines learn to play music “expressively”?

European Research Council . . X E X
P, = Can machines become truly ‘musical’ companions?

= .. and what can we learn from all this?

JXU
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COMPUTATIONAL MODELS OF EXPRESSIVE PERFORMANCE
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COMPUTATIONAL MODELS OF EXPRESSIVE PERFORMANCE
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COMPUTATIONAL MODELS OF EXPRESSIVE PERFORMANCE
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J ! U * Cancino Chacén, C., Gadermaier, T., Widmer, G. and Grachten, M. (2017).

An Evaluation of Linear and Non-linear Models of Expressive Dynamics
in Classical Piano and Symphonic Music. Machine Learning 106(6), 887-909.

COMPUTATIONAL MODELS OF EXPRESSIVE PERFORMANCE
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J ! U * Cancino Chacén, C., Gadermaier, T., Widmer, G. and Grachten, M. (2017).

An Evaluation of Linear and Non-linear Models of Expressive Dynamics
in Classical Piano and Symphonic Music. Machine Learning 106(6), 887-909.
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COMPUTATIONAL MODELS OF EXPRESSIVE PERFORMANCE
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* Cancino Chacén, C., Gadermaier, T., Widmer, G. and Grachten, M. (2017).
An Evaluation of Linear and Non-linear Models of Expressive Dynamics
in Classical Piano and Symphonic Music. Machine Learning 106(6), 887-909.

COMPUTATIONAL MODELS OF EXPRESSIVE PERFORMANCE
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* Cancino Chacén, C., Gadermaier, T., Widmer, G. and Grachten, M. (2017).
An Evaluation of Linear and Non-linear Models of Expressive Dynamics
in Classical Piano and Symphonic Music. Machine Learning 106(6), 887-909.
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COMPUTATIONAL MODELS OF EXPRESSIVE PERFORMANCE
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* Cancino Chacén, C., Gadermaier, T., Widmer, G. and Grachten, M. (2017).
J ! U An Evaluation of Linear and Non-linear Models of Expressive Dynamics
in Classical Piano and Symphonic Music. Machine Learning 106(6), 887-909.

COMPUTATIONAL MODELS OF EXPRESSIVE PERFORMANCE
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* Cancino Chacén, C., Grachten, M., Goebl, W. and Widmer, G. (2018).
J ! U Computational Models of Expressive Music Performance: A Comprehensive
and Critical Review. Frontiers in Digital Humanities 5:25 (2018).
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COMPUTATIONAL MODELS OF EXPRESSIVE PERFORMANCE
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Abstract

Can a computer play a music score, ¢.g. via a Disklavier,
in a way that cannot be distinguished from a human
performance of the same music? One hundred and sev-
enty-two participants with a wide range of music playing
backgrounds rated sound recordings of 7 performances of
piano music by Kuhlau, one played by a human, and six
generated by algorithms, including a ‘mechanical’ and an
‘unmusical’ rendering. Participants rated the extent to
which each performance was by a human and explained
their answers. The mechanical performance had the lowest
mean rating, but the human performance was rated as
statistically identical to the other stimuli. There were no
differences between ratings made by classical piano
experts and lay listeners, but despite this, the musicians
were more confident with their ratings. Qualitative analy-
sis revealed five broad themes that contribute to judging
whether a piece appears to be human. The themes were
labelled (in descending order of frequency) intuitive,

1. Introduction

Computer software has been able to send messages to acous-
tic pianos since 1980s allowing the development of auto-
mated performances of piano music on the piano (De Poli,
2004). With recent improvements in algorithmic generation
of standard (mostly piano) classical/romantic repertoire, a
new research question has been emerg Will there ever be
a time when a listener cannot distinguish between an alg
rithm performing a piece (for example, via a Yamaha Diskl.
vier the Bosendorfer SE reproducing piano, Goebl & Bresin,
2003) versus a recording of an expert human performer
(playing on the same device)? The ability of an algorithm or

a-

robot to be human-like been a matter of fascina

the possibilities of automation and robotics arose (i
of music. see Kapur, 2005). A famous example is a
that could beat a world champion chess player. The
‘Deep Blue’ was able to achieve this milestone b

* Schubert, E., Canazza, S., De Poli, G. &
Roda , A. (2017). Journal of New Music
Research 46(2), 175-186, 2017.

the world champion, Gary Kasparov, in an officia
ment in 1997, following several years of failure.
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2017: AMUSICAL “TURING TEST” ...

The Piece:
= Friedrich Kuhlau, Allegro Burlesco, Op.88 No.30

The Contestants:
= 4 algorithms (CaRo, Director Musices, VirtualPhilharmony, Basis Function Model)
= 1 human “internationally renowned pianist” [Schubert et al., 2017]
= 1 mechanical performance (deadpan)

* 1 “unmusical” performance (CaRo with inverted parameters)

The Evaluators:

= 172 listeners, different musical backgrounds, including pianists

JXU

2017: AMUSICAL “TURING TEST” ...

=
o

5 N\ A\
8 '% “\ 1“\-0

¥ g “J -X- - — /- -

?_’ . A4 \i__ .\"SE"/“%"’

;! N

g b4

:E:, 3 —— High CPE |
2 - - low CPE [
1
0

Basis Human Caro DM Mech Unmus VP

Stimulus

“Humanplayer” rating by stimuli and expertise (mean and 1SE).
JYYuU From (Schubert et al., INMR 2017)

27



2017: A MUSICAL “TURING TEST” ...

“This paper presents new evidence systemati
that algorithm-generated performa

can be indistinguishable from humagz
some parallels with the 1990s,#
over the world cb

Ily demonstrating

Es, suggesting
PJeep Blue computer
an) chess player.”

Schubert, E., Canazza, S., De Poli, G. and Roda, A. (2017).
Algorithms Can Mimic Human Piano Performance: The Deep Blues of Music.
Journal of New Music Research 46(2), 175-186.
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Friedrich Kuhlau, Allegro Burlesco, Op.88 No.30

(1) (2) (3)

Computer
(mechanical)
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2017: AMUSICAL “TURING TEST” ...

Friedrich Kuhlau, Allegro Burlesco, Op.88 No.30

b IS N i S
(1) (2) (3)
Computer Computer Human
(mechanical) (Basis Function Model) Pianist
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THE CON ESPRESSIONE PROJECT

= Whatkinds of expressive qualities do listeners perceive / differentiate?
= Whatis it in a performance that communicates an expressive quality?

= Can machines learn to recognise expressive qualities?

= Can machines learn to play music “expressively”?

European Research Council . ‘ : , :
R — = Can machines become truly ‘musical’ companions?

= .. and what can we learn from all this?

JXU
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EXPRESSIVE REACTIVE ACCOMPANIMENT: THE ACCompanion

. Pianist:
. Werner Goebl

(Sept. 2019)
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THE CON ESPRESSIONE PROJECT

= Whatkinds of expressive qualities do listeners perceive / differentiate?
= Whatis it in a performance that communicates an expressive quality?

= Can machines learn to recognise expressive qualities?

= Can machines learn to play music “expressively”?

European Research Council . . . , .
T ————— = Can machines become truly ‘musical’ companions?

= .. and what can we learn from all this?
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