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Abstract 
The aim of this research project was to design and develop a dataset that captured embodied 

music-making (hereafter musicking (Small 1989)) for use in human-computer interaction 

between AI and human musicians. The proposed solution to this challenge was to capture 

embodied musicking through data harvesting of physical and sonic elements from a musician 

embodied in the flow of musicking. This report describes the small-scale, first stage proof-of-

concept design, development and deployment of such a system. The hard question here was 

to develop a dataset that could inform perception of music-AI so that it could co-create within 

the realtime flow of musicking with other machines and/or human musicians. The results 

highlight the importance that any modes of capture other than real-world musicking, would be 

a setup for failure. 

 

 

Problem definition 
To date my experiments with Ai and musician interaction have dealt with symbolic 

representations of musicking. These were working successfully with positive responses from 

the human musicians regarding the sense of co-operation between them and the AI inside the 

flow of musicking. The next stage was to develop a compositional system that incorporated 

traditional models of machine learning i.e. statistical predication and correlations between 



multi-dimensional features. In this case this would be to try to identify, build and develop a 

trained ML AI from features of musicking inside the embodied flow of musicking. 

 

Embodied musicking – a definition 

The working definition of embodied musicking adopts and extends the following definitions. 

 

1. Embodied interaction (Leman & Nils et al) 

Nils et al (2009) define the embodied interaction in music performance as: 

‘In music performance the embodied interaction with the music implies the corporeal 

attunement of the musician to the sonic event that results from the performance. The 

embodied experience of participating in the musical environment in a direct and 

engaged way is based on the direct perception of the musical environment and on a 

skill-based coping with the challenges (affordances and constraints) that arise from the 

complex interaction within this musical environment. It becomes an optimal embodied 

experience (flow) when the musician is completely immersed in the created musical 

reality (presence) and enjoys himself through the playfulness of the performance. 

Therefore, direct perception of the musical environment, skill-based playing and flow 

experience can be conceived of as the basic components of embodied interaction and 

communication pattern.’ 

 

2. Musicking (Small) 

The composer and music theorist Christopher Small describes the embodiment of 

music as musicking. He defines it as: ‘to music is to take part’, which can happen ‘in any 

capacity, in a musical performance, whether by performing, by listening, by rehearsing or 

practicing, by providing material for performance (what we call composing)’ (Small 1998:9). 

 

3. Flow theory (Csíkszentmihályi) 

Csíkszentmihályi’s Flow Theory (1975) supports Small’s argument that the acts of 

doing in music are to be considered an immersive and embodied experience. 

Csíkszentmihályi defined flow as ‘the state in which people are so involved in an activity that 

nothing else seems to matter’ (Csíkszentmihályi 1975: 4). Csíkszentmihályi also discusses 

the shared nature of flow when groups become absorbed in an activity such as music 

performance. He points out that ‘they shift into a common mode of experience […] This mode 

is characterized by a narrowing of the focus of awareness, so that irrelevant perceptions and 

thoughts are filtered out, by loss of self-consciousness, by a responsiveness to clear goals 

and unambiguous feedback, and by a sense of control over the environment.’  

 



4. The poetics of embodied musicking 

In short, through the act of musicking, musicians become embodied in the music 

through a sense of incorporation within their environment (the soundworld), shared effort, and 

a loss of awareness of their day-to-day wakefulness and corporeal self-consciousness. This 

was a driving philosophy through the design, development and deployment of the embodied 

musicking dataset.  

Furthermore, when musicians make music it is not a process of outputting sound into 

the world, but an embodied experience of becoming the sound they create in the flow of music-

making. We are probably familiar with the notion of musicians “speaking through their 

instrument” i.e. they embody their musical instrument to a point where there is no felt 

separation between their understanding of them-selves and the extension of their self through 

this instrument. 

But, there are further embodiment processes that happen in the flow. Firstly, they 

reach out and bring into their bodily sense of experience the music that is produced. And 

secondly, when they make music with other musicians, they are equally reaching out to feel 

the presence of these others as sound, and to bring that back into their bodily experience. 

This embodiment process is a dance of sorts: to touch, to feel, to sense, to work with, to play 

with, to hide and seek and flirt and subvert, with others through the flow. So my research 

question is rather fundamental ... What does artificial intelligence need to do in order to 

stimulate this dance in the flow?' 

 

Initial design 

The initial design concentrated on 2 aspects of embodied musicking. Firstly, that physical 

gesture and sound actuation are linked not by merely physical movement instantiating air 

vibration through an instrument, but the reverse: that the being-as-sound (the musician) is in 

fact instigating movement from the body like a corporeal puppet, in order for it to obey and 

make the sound that is called for. 

 The dataset’s initial design needed to capture the essence of the physical gesture (and 

thereby the instantiated movement for sound production) and the properties of that sound. To 

this end the design was 

 

Sonic gesture = complex physical gesture 

----------------------- 

Time 

 

 The primary features of the dataset would capture the complex of bodily movement 

of the musician with the physical properties of the sound. Defining the complex of bodily 



movements was an important aspect to this design, as I understood through personal 

experience and in conversation with other musicians, that, say, when an arm moves a cello 

bow, it is the whole body that is involved in the embodied music gesture, not just the isolated 

limb, or joint. Therefore, the inter-relationship between the whole complex of bodily 

movements would indicate embodied musicking.  

The inference I made through this process was that one isolated feature of this 

dataset might be imbued with a sense of embodied musicking, and this alone might be able 

to synthesise the perception of embodied musicking for the AI. By extension and 

hypothetical proposition, that the essence of this dataset – imbued with creative and 

embodied musicking - could be used in a variety of creative applications not just music. 

The design for this first stage dataset was: Sequential ID; Body Part (Head, Body, 

Left hand, right hand); Audio Analysis (FFT fundamental, amplitude) 

 

 
Figure 1. Research environment featuring human musician (author) on table-top guitar, with 

robot moving on the floor. In the foreground the Kinect image of the tracked musician; 

background shows the telemetry coming from the robot AI. 

 

Capture mechanism 
To capture the primary features, I designed a simple hardware system using a Kinect and a 

microphone. A Max patch was created to capture the audio stream from the microphone and 

immediately split into fundamental frequency and amplitude using the fzero~ object. The 



Kinect was streaming selected data of Head, Body, Left hand, right hand from NIMate 2, 

through OSCulator as a filter, into a Max MSP patch which was collating all the data streams 

into a single list using the coll object.  

 The baud/ collection rate was not set to a constant instead this was triggered by 

physical movement. I am unsure whether this was the correct decision, but at the time I 

wanted to prioritise instantiated sequences of embodied musicking events, and not accurate 

feature extraction through time. In future work, alternatives need to be explored. 

I was to be the initial – and only – participant for this first stage as I could control 

(unfortunately bias) the interaction with the dataset harvesting and experiential training (see 

below). I designed a percussion-based improvisation environment using table-top electric 

guitar and ancillary percussion instruments with a complex system of small microphones 

(see figure 1), as this would offer me a rich sonic playground to explore musically, and 

limited my physical gestures to the areas around the table-top guitar for easy capture by the 

Kinect.  

 

Initial capture – seed data 
An initial dataset was captured from a short solo improvisation and was to be used as the 

seed data for the follow-on experiential process. There were several problems in the capture 

of this data, primarily that the Kinect and the MacBook regularly lost contact and much of the 

signal was dropped. This meant deleting large portions of the dataset, but enough was 

salvaged to operate as a seed. In total 17935 lines of data were captured, figure 2 shows 20 

 

1840, /Head 0.073188 0.234507 0.844975 0. 0.444253; 
1841, /Hand_Left -0.228889 -0.122965 0.680969 0. 0.444253; 
1842, /Hand_Right 0.118799 -0.111051 0.634143 0. 0.444253; 
1843, /Body 0.081127 -0.039997 0.92398 0. 0.444253; 
1844, /Head 0.072956 0.234418 0.844987 0. 0.764117; 
1845, /Hand_Left -0.204902 -0.142667 0.708377 0. 0.764117; 
1846, /Hand_Right 0.123747 -0.116191 0.630107 0. 0.764117; 
1847, /Body 0.081076 -0.040024 0.92404 0. 0.764117; 
1848, /Head 0.072604 0.234328 0.845013 0. 0.713742; 
1849, /Hand_Left -0.204227 -0.143736 0.710299 0. 0.713742; 
1850, /Hand_Right 0.133158 -0.121008 0.620632 0. 0.713742; 
1851, /Body 0.08097 -0.04009 0.924136 0. 0.713742; 
1852, /Head 0.072486 0.234267 0.845055 0. 0.55046; 
1853, /Hand_Left -0.205411 -0.145554 0.709463 0. 0.55046; 
1854, /Hand_Right 0.133291 -0.121154 0.620588 0. 0.55046; 
1855, /Body 0.080666 -0.040232 0.924212 0. 0.55046; 
1856, /Head 0.072387 0.234156 0.845169 0. 0.44336; 
1857, /Hand_Left -0.209083 -0.146838 0.709017 0. 0.44336; 
1858, /Hand_Right 0.133043 -0.121323 0.621227 0. 0.44336; 
1859, /Body 0.080196 -0.040388 0.924291 0. 0.44336; 
1860, /Head 0.072354 0.234056 0.845307 0. 0.229011; 

 



Figure 2. 20 lines of data from the seed dataset 

 

Experiential learning 

This seed data was then used to train four Multi-Layered Perceptron Neural Networks 

(MLPNN), one for each of the body parts captured, and implemented into an Embodied Robot 

for Music (discussed in detail in Vear 2019a). This robot was programmed to join me in my 

improvisation and to stimulate a sense of co-creativity so that I could capture further datasets 

using the capture system. The robot was installed with an audio library of over 1000 short 

audio files extracted from recordings of me improvising in my duo ev2 with the saxophonist 

Jonathon Eato. This mean that the raw audio was also imbued with a sense of embodied 

musicking. Critically, the resulting robot improvisation felt familiar to me, and also stimulated 

ideas as the robot invented new ways of putting my materials together in novel ways that I 

had not previously considered. This evoked a sense of surprise and moments of “Aha!” 

creativity. 

Each successive dataset was then added to the previous ones and used to retrain the 

MLPNN. The purpose of this was for the robot and its interpretation of the dataset to influence 

my improvisations, so that the captured data were embedded with a sense of robot-human 

interaction within the flow of musicking. 15 improvisations/ experiential learning sessions were 

conducted in total over one month. Figure 3 lists 40 data rows from the final dataset.  

  

460, /Head -0.130602 0.249398 0.986942 0. 0.; 
461, /Hand_Left -0.17337 -0.125745 0.672625 0. 0.; 
462, /Hand_Right -0.084029 -0.164028 0.725446 0. 0.; 
463, /Body -0.092113 -0.104664 1.026058 0. 0.; 
464, /Head -0.131551 0.249363 0.987148 0. 0.690592; 
465, /Hand_Left -0.200855 -0.084548 0.645949 0. 0.690592; 
466, /Hand_Right -0.085967 -0.164537 0.727354 0. 0.690592; 
467, /Body -0.096421 -0.108405 1.027316 0. 0.690592; 
468, /Head -0.132751 0.248885 0.987468 0. 1.; 
469, /Hand_Left -0.235507 -0.100121 0.675475 0. 1.; 
470, /Hand_Right -0.091939 -0.167297 0.734748 0. 1.; 
471, /Body -0.098428 -0.109787 1.028825 0. 1.; 
472, /Head -0.134421 0.248282 0.98789 0. 1.; 
473, /Hand_Left -0.238212 -0.101573 0.679575 0. 1.; 
474, /Hand_Right -0.101265 -0.171563 0.745289 0. 1.; 
475, /Body -0.099825 -0.110767 1.029813 0. 1.; 
476, /Head -0.136072 0.247424 0.988285 0. 1.; 
477, /Hand_Left -0.246031 -0.105445 0.690722 0. 1.; 
478, /Hand_Right -0.105147 -0.18042 0.759032 0. 1.; 
479, /Body -0.100785 -0.111639 1.030406 0. 1.; 
480, /Head -0.13958 0.246056 0.988911 0. 0.406963; 
481, /Hand_Left -0.254949 -0.110927 0.702169 0. 0.406963; 
482, /Hand_Right -0.106698 -0.187005 0.768667 0. 0.406963; 
483, /Body -0.101591 -0.112225 1.030982 0. 0.406963; 
484, /Head -0.140795 0.245332 0.989111 0. 0.621031; 



485, /Hand_Left -0.262363 -0.117779 0.71238 0. 0.621031; 
486, /Hand_Right -0.106599 -0.198995 0.78429 0. 0.621031; 
487, /Body -0.102507 -0.112702 1.031565 0. 0.621031; 
488, /Head -0.142203 0.244749 0.98932 0. 0.621031; 
489, /Hand_Left -0.26509 -0.129946 0.724284 0. 0.621031; 
490, /Hand_Right -0.107676 -0.204313 0.792155 0. 0.621031; 
491, /Body -0.103713 -0.113555 1.032469 0. 0.621031; 
492, /Head -0.145021 0.243703 0.989701 0. 0.220004; 
493, /Hand_Left -0.271119 -0.14013 0.733201 0. 0.220004; 
494, /Hand_Right -0.110053 -0.207611 0.797737 0. 0.220004; 
495, /Body -0.104815 -0.114184 1.033272 0. 0.220004; 
496, /Head -0.146472 0.243126 0.98984 0. 0.159098; 
497, /Hand_Left -0.272232 -0.138013 0.728851 0. 0.159098; 
498, /Hand_Right -0.111491 -0.211129 0.802774 0. 0.159098; 
499, /Body -0.106874 -0.115885 1.034295 0. 0.159098; 

 

Figure 3. 40 lines of data from the final training session.  

 

First-stage application 

A final dataset was collated from all the training sessions. This was used to train 4 performance 

MLPNN AI’s and implemented into the following two robotic scenarios. An important aspect 

(discussed in Vear 2019a) is that the robots were listening to the other’s sound, this was then 

fed into each of the MLPNN’s and a statistical prediction of the movement output which was 

used to move the robot, from which a sound was chosen. For these first stage applications 

amplitude was the determining input parameter, with FFT frequency ignored. (Notice how the 

6th cell along from the left, which should be indicating FFT frequency, is always 0 in this and 

the above examples, although not always in the full dataset. This is because the type of 

sounds that I was playing were predominantly percussive or electronic with fundamental 

frequency difficult to analyse.) This worked well, but it is possible to add layers of complexity 

with FFT frequency tracking and correlation.  

The first application was to expand on my percussion-robot (discussed above as part 

of the experiential training) by adding another robot which was given identical 4xMLPNN 

substrate AI architecture, but with a library of sound extracted from the ev2 saxophonist 

Jonathon Eato extracted from the same recordings as the percussion on the first robot. These 

were set together in a robot-robot improvisation, in a sense remixing the original ev2 

recordings through embodied musicking interaction with each other. This is described fully in 

Vear 2019b.  

The second application used a single robot and 4x MLPNN substrate AI architecture 

together with three sound libraries of drums, bass and sax (sourced from extracting audio from 

YouTube videos). The aim was to contrast the resulting music from a single hive of MLPNN’s 

against the quality of the music created by the autonomous pair of robots. This is described 

fully in Vear 2019c.  



The over-arching approach of the robot AI was to grab and use any of the data output 

from the MLPNN’s regardless of whether they were x, y, or z coordinates of head or body etc. 

The approach taken was that every data item regardless of its consistency in a list or dataset 

would contain the essence of embodied musicking. So, remixing the data into the robotic 

movement, which then triggered a sound, would elicit a sense of embodied movement in the 

flow of musicking. 

 

Results 
The hard question here was to develop a dataset that could fuel musicking perception 

by the AI and co-create within the flow with another. The proposed solution to this challenge 

was to captured the essence of embodied musicking through data harvesting of a musician 

embodied in the flow of musicking, and to use this to inform AI decisions in its flow of 

musicking.  

This is an important result of this research as any modes of capture other than real-

world musicking, would be a setup for failure. 

In my opinion, the resulting music worked well for both applications. They showed 

signs of listening and responding, but also of doing their own thing and doing something 

meaningful in the realm of musicking. 

The results from these applications were shared through Bandcamp and follow-on 

performances at Music, Innovation and Technology research concerts at DMU. The general 

response was positive. Studies in audience reception will need to follow to get an accurate 

understanding of how this music is being received by other people. 

 

Developmental work 
Four major issues arising from this research led to a single positive understanding of the 

benefits of using real-world applications to research Creative AI. These four issues will now 

be addressed in a new programme of research which signals a drawing to a close of this initial 

stage. The four issues are: 

1. Data uniformity – the data items in each element of the list were not scaled to uniform 

range, as such some of the data goes between -1.0 to 1.0 with others between 0.0 to 

1.0, and 0.0 to 1000 in the case of FFT frequency. If individual data atoms are to be 

used universally and with no hierarchy within the AI and ML elements of future work, 

then the data ranges need to be uniformed at the point of pre-processing. This un-

formity was the result of a rapid-prototyping approach to the research and is indicative 

of a researcher searching in the dark. 



2. Baud rate – the question remains whether to implement a standard baud rate of data 

capture or have it instance dependent, in which case which instance: movement or 

sound. The be developed further. 

3. Over complication. Further trials will look at simplifying the robot, AI and dataset 

training. The resulting software architecture and substrate of AI might work just as well 

with a much simpler design, now that we have a real-world model producing music.  

4. Amplitude tracking. The robot implementations relied on live amplitude analysis only 

as the triggering data stream for the MLPNN’s. This worked well, and a substrate 

system called the ‘Affect Module’ was implemented in the AI to add finesse to the 

robot’s perception of the live sound. Adding FFT frequency into this architecture was 

not considered at this proof-of-concept stage, but it is clear how this could bring some 

sophistication to the robot’s perception of the musicking world. 

 

Code release 
The code for this project is released with a GNU licence on GitHub at XXXXXX 
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