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My Practice

® Composer (electronics + acoustic instruments)

® |mproviser (electronics w/ acoustic collaborators)

® Coder (SuperCollider, Processing, openFrameworks, Python)
® [heatrical Sound Designer

® Aecsthetics: noise, Improvisation, glitch
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Nterest

N Machine Learning

® \usic Information Retrieval workshop at CCRMA summer 2018
® [n what new ways can | approach sound”

® \/Vhat can an algorithm do for (with) me”? \What can it tell me”

® Computational thinking

® \/\/nat other routes are there to the same goal”?
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VWhat is the goal”

Make sounds and art forms that | find artistically compelling.

Joday | share 3 examples of using these tools in that pursuit.
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Ve computer music
performance



1. Live Souno
Classification
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Machine Learning System

L ive Sound

|

trained to identify
human (my) perception
of changes in sound
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- distorted noise

| high_squeal

- low_impulses

| sus_noise_quiet
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NeuralNetwork {
var <>net, <>learningRate, e = 2.71828, <shape, <>activation, <>normalizedRanges;

*new {
arg shape,learningRate = 0.05,activation = "relu"”,normalizedRanges;
Asuper.new.init(shape,learningRate,activation,normalizedRanges);

}

init {

arg shape_,learningRate_ = 0.05,activation_ = "relu",normalizedRanges_;
shape = shape_;

activation = activation_;

learningRate = learningRate_;

normalizedRanges = normalizedRanges_;

net = shape.collect({

DK

arg nNeurons, 1;
var data = (
vals:Array.fill(nNeurons, {0}),
);
if(i > 0,{
// not input layer;
data.biases = Array.fill(nNeurons, {rrand(-1.0,1.0)});
data.weights = Array.fill(shape[i],{
Array.fill(shape[i-1],{rrand(-1.0,1.0)});
3;
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feedLights = FeedLightMaster([

// distorted noise
FeedLightMode(nLights, [
FeedLightGroup([
\amplitude,\myAmp,\v,ControlSpec(0.01,1,\exp),
\specCentroid,ControlSpec(50,5000,\exp),\h,ControlSpec(0.5,0.7),
\specFlatness,nil.asSpec,\s,ControlSpec(1,0.3)
1),
FeedLightGroup([
\amplitude,\myAmp,\v,ControlSpec(0.01,1,\exp),
\specCentroid,ControlSpec(50,5000,\exp),\h,ControlSpec(0.4,0.6),
\specFlatness,nil.asSpec,\s,ControlSpec(1,0.3)

D
D,

// high squeal
FeedLightMode(nLights, [
FeedLightGroup([

\amplitude,\myAmp,\s,ControlSpec(0.5,0.9),
\zeroCrossing,ControlSpec(3000,10000,\exp),\h,ControlSpec(0,0.25),
\constant,1,\v,nil
//\specFlatness,nil.asSpec,\w,ControlSpec(@,255),
//\zeroCrossing,ControlSpec(50,6000,\exp),\r,ControlSpec(@,255)

1,
FeedLightGroup([
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2. Analysis /
Resynthesis of
—reguency Modaulation
Spectra
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The Goal

Live audio processing module

using sounds of frequency modulation synthesis
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Creating Training Set
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Creating Training Set

Parametric Input (R°)
Carrier Freq.—>

Modulation Freq.—> T\;\iguz?ig{]
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Analysis / Synthesis
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3. Collapsing user-
defined expressivity
Nto lower dimensions
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The Goal

Using sound generators that have a high dimension of control inputs,
find expressively meaningful combinations of input settings,

then intelligently organized those settings in two dimensions.
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Add to Set

Vector Presets
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Vector Presets
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TONE

® t-Distributed Stochastic Neightbor Embedding

® Dimensionality Reduction Algorithm (taking data in a high
number of dimensions and reorganizing it into 2 or 3
dimensions, such that it preserves it's structure)

® \/cectors that are similar in high dimensional space are
embedded near each other, while vectors dissimilar in high
dimensional space are embedded far away
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Vector Presets

TSNE Solution
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Vector Presets TSNE Solution
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\Vunkres Algorthm

® oka "Hungarian Algorithm™ or "Kuhn-Munkres Algorithm”
® Optimal solution to linear assignment problem

® Fvery element in set A (2D TSNE embedding locations) must
e assigned to one unigue element in set B (grid of locations
in 2D space)
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Vector Presets
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if(b.value == 0,{
"% OFF".format(name).postln;
¥,1
"% ON".format(name).postln;
1;
1)
.addToggleRequestNew(
path,
Rect(0,0,20,20),
testSaver,
testWin

D

if(addToMapper, {
tsne.makeOutput(path);
1
%/

testWin.front;

‘andData = {
arg tsne;
23.do({ // works with 7 or greater...
tsne.randomize;
tsne.addToSet;
s
tsne.trainTSNE(true);

DManager_New.initIfNot; I
ndow.closeAll;

.sne = TSNEMapper(Q);
lakeWin.(~ranges,~tsne);
‘andData.(~tsne);

alog.savePanel ({
arg path;
~tsne.save.writeArchive(path);
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Senefits of TSNE /
NVunkres approacnh

® Preserves user-defined presets
® [SNE recognized as superior dimensionality reduction
® Munkres finds optimal solution

® Non-linear 2D layout requires practice to leam
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Rejected Alternatives

® Neural Network - supervised learning requires knowing the
desired 2D structure before training

® Sclf-Organizing Maps - doesn't guarantee that exact user-
defined presets are preserved
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—uture Improvements

® Force-Directed Spreading out of data (able to handle larger
datasets)

® Sclf Organizing Map (reduce redundancy in control vectors)

® Embeddings based on audio descriptions of outputs (insteao
of parameter inputs)

® Changes in 2D space prompted by machine listening and

heuristics (Improvising computer)




"The view according to which the novelty of a

WOrk guarantees its quality is often expressed

N electroacoustic music circles, and for some
it is the only criterion of worthiness.”

—Francis Dhomont, For classicism
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Thank you. Questions”
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