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APPLICATIONS
Introduction

sound = explicit goal

Installations & Gaming!

May 13, 2011 

For$a$Violinist,$Success$Means$A$New$Low$Point$
By MATTHEW GUREWITSCH$

!

 Librado Romero/The New York Times 
More than one string to her bow: apart from her remarkable acoustic discoveries in the realm of �subharmonics,� 
the violinist Mari Kimura has been exploring the new horizons opened up by an electronic motion sensor, a half-
glove equipped with electrodes that monitor the angle and speed of her bowing arm.  

!

SINCE!Pythagoras,!musicians!and!scientists!have!known!(or!thought!they!knew)!that!
the!lowest!pitch!a!string!stretched!taut!can!produce!�!the!fundamental!�!is!the!pitch!it!
������	����	����������
�		�������������	������������	�	��	��		����	�	������������d!
the!vibrating!section!sounds!at!a!higher!pitch.!Theoretically,!there!is!no!ceiling.!As!with!
����������	���������	������������	�
����������������	�
������!

For!the!last!five!centuries,!give!or!take,!the!range!of!a!violin!bottomed!out!on!the!G!
below!middle!C,!the!pitch!of!the!open!G!string.!But!fiddlers!are!not!like!dancers!after!all.!
For!nearly!two!decades,!the!Japanese!violinist!Mari!Kimura,!48,!has!been!exploring!
unsuspected!subterranean!sounds!as!much!as!an!octave!deeper.!!

Complementing!the!familiar!concept!of!harmonics!(pitches!drawn!from!the!overtones!of!
a!given!fundamental),!Ms.!Kimura!has!named!her!freshly!discovered!sonorities!
������������������
�����	������astered!the!subharmonic!octave,!third,!second!and!

Music & Performing Arts Movement Learning

sound = implicit support to movement

=> need for personalization / user adaptation



M O T I O N - S O U N D  M A P P I N G  
B Y  D E M O N S T R AT I O N



Implicit Mapping with Machine Learning
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INTERACTIVE MACHINE LEARNING



!9

In
st

an
ta

ne
ou

s
Te

m
po

ra
l

Gaussian Mixture Models 
gmm

Gaussian Mixture Regression 
gmr

Hierarchical 
Hidden Markov Models 

hhmm

Hierarchical 
Hidden Markov Regression 

hhmr

Recognition Generation

MODELS
Mapping by Demonstration



!10

RECOGNITION MODELS
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HIERARCHICAL MARKOV MODELS

P A S R

Example gesture

PASR decomposition

Preparation 
Attack 
Sustain 
Release

(P) 
(A) 
(S) 
(R)

> anticipation gesture 

> retraction gesture

4 Phases:

[Francoise et al., SMC 2012]
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Root
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p = 1.0 p = 1.0 p = 1.0

p = 0.5

p = 0.5

Exit

p = 1.0

Mapping by Demonstration



I N TRODUCT ION



Modèle de régression
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paramètres sonores

paramètres joints
entraînement

paramètres du mouvement
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GENERATIVE MODELS
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I N TRODUCT ION



D I S C U S S I O N



• Advantages 

• No need for a formal (mathematical) description of the problem  

• Design using bodily knowledge 

• Specification of (possibly complex) target gestures for sonification 

• Individualized adaptation 

• But… 

• How do we make it work?

Discussion

DESIGNING WITH MACHINE LEARNING



• Process 
• The user imagines a vocabulary of gestures (+ sounds) 

• The user records demonstrations 

• The ML algorithm learns the mapping/classifier 

• It does not work. 

• Reasons for Failure 
• Technical factors 

• Appropriate choice of sensor, features, model, and parameters 

• High-quality examples 

• Cognitive and sensori-motor factors 

• Gesture design + Execution

Discussion

DESIGN PROCESS



Discussion

AN ITERATIVE PROCESS

• Co-adaptive perspective (partnership?) 

• The human and the machine iteratively learn from each other 

• The user is responsible for most of the adaptation 

• MbD as a reflective tool 

• How to make it work? 

• Improve the transparency 

• Support practice & exploration



V I S U A L I Z I N G  P R O B A B I L I S T I C  
M O D E L S

w. Fred Vernier, Antonin Cheymol



T R A I N I N G  
S E T

R E S U LT S

1. Create Training Examples 

2. Adjust Parameters  

3. Provide New Input 

1. Feedback on Training Set 

2. Feedback on results {during interaction}

M O D E L

C O N F I G

EnsembleMatrix, ModelTracker, …

INTERACTIVE MACHINE LEARNING
Visualizing probabilistic models



T R A I N I N G  
S E T

R E S U LT S

1. Create Training Examples 

2. Adjust Parameters  

3. Provide New Input 

1. Feedback on Training Set 

2. Feedback on results {during interaction}

M O D E L

C O N F I G

Visualize {inside} models
=> Manipulate models from visuals

Visualizing probabilistic models

INTERACTIVE MACHINE LEARNING
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GAUSSBOX : HMM VISUALISATION
Visualizing probabilistic models
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GAUSSBOX : HMM VISUALISATION
Visualizing probabilistic models
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GAUSSBOX : HMM VISUALISATION
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GAUSSBOX : HMM VISUALISATION
Visualizing probabilistic models
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GAUSSBOX : HMM VISUALISATION
Visualizing probabilistic models



E X P L O R I N G / P R A C T I C I N G



• User study: sonification using vocalisation 

• Users adapt their gesture design by iterating over demonstration & performance 

• The gesture design converges along iterations 

• The consistency of the execution improves over time

Discussion

A LEARNING PROCESS



still, moving
(Interactive Sound Installation)

Myo (Electromyogram)

w. Sarah Fdili Alaoui, Yves Candau







Towards live-coding
w. Sarah Fdili Alaoui, Yves Candau, Lucie Van Nieuwenhuyze



CONCLUSIONS

• Mapping by Demonstration 

• Tool for personalising motion-sound interactions 

• From designing by example to designing through practice 

• How to support the design process 

• Help users understand the models? 

• Support exploration & practice 

•
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