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T H E M E S

• DEGREE OF AUTONOMY 

• ALGORITHMIC METHODS

C A S E  S T U D I E S

• PERSONAL RESEARCH 

• COLLEAGUES RESEARCH

L I V E  C O D I N G
H U M A N  C O N T R O L L E D  -  S A L I E N T  M AT H  F U N C T I O N S Live Code Festival 2013, Germany

K I N G S  A N AT O M Y  
-  A N D R E W  B R O W N  ( 2 0 1 0 )

https://vimeo.com/10030565



M U S I C A L  
C O M P U TAT I O N S

• Probability  

• Linear functions  

• Periodic functions  

• Modular arithmetic  

• Set theory 

• Recursion and iteration 

A  S T U D Y  I N  K E I T H  
-  A N D R E W  S O R E N S E N  ( 2 0 0 6 )

https://vimeo.com/2433947

G E N E R AT I V E  M U S I C
G U I D E D  A U T O N O M Y  -  M U S I C  T H E O R E T I C  S T R U C T U R E S

Excerpt

M E TA S C O R E  
-  S O R E N S E N  &  B R O W N  ( 2 0 0 7 )

https://vimeo.com/23344565



A L G O R I T H M I C  
G U I D A N C E

• Random theme generation 

• Repetition and variation 

• Hindemith harmonic tension 
theory 

• Phrase resolution at cue points 

• Parametric constraints

PA R A M E T E R S

• Number of voices 

• Volume 

• Upper and lower range 

• Harmonic tension 

• Rhythmic tension 

• Number of instruments 

• Harmonic rhythm 

• Section tempo

D AV I D  C O P E  
-  E M I  ( E M M Y )

• Experiments in Musical 
Intelligence 

• 1980s - 2000s 

• Style Imitation 

• Analysis and 
recombination 

Mozart style Sonata (1997)

http://artsites.ucsc.edu/faculty/cope/experiments.htm

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

“Noteput” music table, 2010. A project by: Jürgen Graef & Jonas Heuer.

“Noteput” music table, 2010. A project by: Jürgen Graef & Jonas Heuer.

https://vimeo.com/8308494

http://jonasheuer.de/index.php/noteput/


G E N E R AT I V E

• Arpeggiations by LFO 

• Harmonic following 

• Simple beat subdivisions 
as rhythmic cells 

• Three generated voices

R E S P O N S I V E

• Phrases generated in 
response to musician 

• Dynamic level imitation 

• Dynamic level influxes 
rhythmic complexity 

• Moving window pitch class 

• Range avoidance between 
parts



R I P P L E S  ( 2 0 1 5 )  
-  S E A N  F O R A N  ( P I A N O ) ,  A N D R E W  B R O W N  ( S O F T W A R E )

https://www.youtube.com/watch?v=9AxslQWZ4-U

R E F L E X I V I T Y
I N T E R A C T I V E  -  I M I TAT I V E

M U S I C A L  I N T E R A C T I O N  W I T H  T H E  C O N T I N U AT O R  
-  A L B E R T  VA N  V E E N E N D A A L  ( P I A N O )  2 0 1 2  
-  F R A N C O I S  PA C H E T  ( S O F T W A R E )

https://www.youtube.com/watch?v=ynPWOMzossI

R E F L E X I V I T Y

• Store and replay segments 

• Variation and distortion 

• Duet density target 

• Random walk through data 

• Performance as interface  

D U E T  
I N T E R A C T I O N

• Initiate (introduce new material)  

• Imitate (reuse material from the 

other part within a short time frame)  

• Repeat (reuse material in the same 
part) 

• Restate (reuse earlier material from 
either part)  

• Shadow (play in unison or close 
parallel with other part)  

• Silence (don’t play)



C I M  S E S S I O N S  2 0 1 7  -  # 3  
- E R I K  G R I S W A L D  ( P I A N O )  
- C O N T R O L L I N G  I N T E R A C T I V E  M U S I C  ( C I M )  

https://www.youtube.com/watch?v=FqrB741z_GE

P O S T- D I G I TA L  M AT E R I A L I T Y
I N S T R U M E N T  D E S I G N  -  S O U N D  A N D  M U S I C  S Y N T H E S I S

8  B O X  
M AT E R I A L I T Y

• Handmade Instrument 

• Arduino Microcontroller 

• 8 + 1 buttons, 1 dial 

• Direct PWM audio 

• Controller Jitter 

• CPU capacity

I N I T  F O R  T H E  8  B O X  ( 2 0 1 5 )  
- A N D R E W  B R O W N

https://www.youtube.com/watch?v=bBMQxHlndQ8



Z - M A C H I N E S  ( 2 0 1 3 )  
-  S Q U A R E P U S H E R

https://www.youtube.com/watch?v=VkUq4sO4LQM

A I  C O - C R E AT I O N
A C T O R  N E T W O R K S  -  P R E D I C T I O N  F R O M  PAT T E R N  A N A LY S I S

Workshop track - ICLR 2017
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Figure 1: Overview of our framework. Only skip connections for the current time step t are plotted.

Chord is a group of notes that sound good together. Similarly to scale, a chord has a start note and
a type defining a set of intervals. There are mainly 6 types in triads chords: Major Chord, Minor
Chord, Augmented Chord, Diminished Chord, Suspended 2nd Chord, and Suspended 4th Chord.

The Circle of Fifths is often used to produce a chord progression. It maps 12 chord starting notes
to a circle. When changing from one chord to another chord, moving to a nearby chord on the circle
is often preferred as this forms a strong chord progression that produces the sense of harmony.

4 HIERARCHICAL RECURRENT NETWORKS FOR POP MUSIC GENERATION

We follow the high level idea behind the Song from π to define our model. In particular, we gen-
erate music with a hierarchical Recurrent Neural Network where the layers and the structure of the
hierarchy encode our prior knowledge about how pop music is composed. We first outline the model
and describe the details and justifications for our choices in the subsections that follow.

We condition our generation on the scale type, as this helps the model to pick up the regularities in
pop songs. We encode melody with two random variables at each time step, representing which key
is being played (the key layer) and the duration that the key will be pressed (the press layer). The
melody is generated conditioned on the scale, which does not vary across the song as is typically the
case in pop music. We assume the drums and the chords are independent given the melody. Thus
conditioned on the melody, at each time step we generate the chord (the chord layer) as well as the
drums (the drum layer). The output at all layers yields the final song. We refer the reader to Fig. 1
for an illustration of our hierarchical model.

4.1 THE ROLE OF SCALE

It is known from music theory that while in principle each song has 12 tones to choose from, most of
the notes are in fact only using the six (for Blues) or seven (for other scales) tone subsets specified
by the scale rule. We found that by conditioning the music generator on scale it captures these
regularities more easily. However, we do not enforce the notes to be generated from the subset and
allow our model to generate notes outside the scale.

We confirm the above musical fact by analysing over 100 hours of pop song music from
the midi man dataset. Since scale is defined relative to a starting note, we first try to factor out
its influence and normalize all songs to have identical start note. To identify the scale of a song, we
compute the histogram over the 12 tones and match it with the 48 tone subsets of 4 scale types with
12 different start notes. We then normalize all songs to have start note C by applying a constant shift
on all notes. This allows us to categorize any song into 4 scale types. Since this shift affects all notes
at once, it does not affect how the song sounds (its harmony). Our analysis shows that for all notes
in all Major scale songs, 94.66% are within the tone subset. For Harmonic Minor, Melodic Minor,

3

Hang Chu, Raquel Urtasun, Sanja Fidler. 2017. Department of Computer Science, University of Toronto.

chrome-extension://oemmndcbldboiebfnladdacbdfmadadm/https://
chuhang.github.io/files/publications/ICLRW_17.pdf

Hang Chu, Raquel Urtasun, Sanja Fidler. 2017. Department of Computer 
Science, University of Toronto.

M U S E N E T

• Christine Payne, OpenAI (2019) 

• Discovers patterns of harmony, 
rhythm, and style by learning to 
predict the next note(s) in 
hundreds of thousands of MIDI 
files 

• Uses a large scale transformer 
self-attention model trained to 
predict the next token in a 
sequence 

F-minor-etude (after Chopin)

https://openai.com/blog/musenet/

Uses a reformulation of the Transformer self-attention mechanism, along 
with several other improvements, to apply it directly to these rich data types. 
Previously, models used on these data were specifically crafted for one 
domain or difficult to scale to sequences more than a few thousand 
elements long. In contrast, our model can model sequences with tens of 

M A N D I  ( 2 0 1 8 )  
-  PAT R I C K  H U T C H I N G S  

-  T O B Y  G I F F O R D

• AI interactive drummer 

• Musically  Attentive  Neural  
Drum  Improviser (MANDI) 

• Temporal Convolution Network 
using seven hidden layers with 
dilation in each layer to 
produce an effective memory 
covering 196 timesteps in the  
input sequences. 

MANDI with Saxophone

Workshop on Machine Learning for Creativity and Design (NeurIPS 2018), 
Montréal, Canada

https://www.youtube.com/watch?v=SB8aW0wqZG8



A  V E R Y  A I  X M A S  ( 2 0 1 8 )  
-  W I T H  U N C A N N Y  VA L L E Y  &  U N S W

https://www.youtube.com/watch?v=XruXCyrzI7Y

Uncanny Valley collaborated with academic partners from UNSW and 
Griffith University

S U M M A R Y

• Approaches to bespoke generative music 

• Live Coding 

• Generative Composition 

• Interactive Music Systems 

• Reflexivity 

• Post-digital Materiality 

• AI Co-creation

@ A L G O M U S I C

andrew.r.brown@griffith.edu.au 


