'," frontiers
in Neuroscience

ORIGINAL RESEARCH
published: 27 April 2018
doi: 10.3389/fnins.2018.00197

OPEN ACCESS

Edited by:
Diego Minciacchi,
Universita degli Studi di Firenze, Italy

Reviewed by:
Waldemar Karwowski,
University of Central Florida,
United States
Hiroaki Wagatsuma,
Kyushu Institute of Technology, Japan

*Correspondence:
Insook Choi
insook@insookchoi.com

Specialty section:
This article was submitted to
Neuroprosthetics,
a section of the journal
Frontiers in Neuroscience

Received: 04 October 2017
Accepted: 12 March 2018
Published: 27 April 2018

Citation:
Choi | (2018) Interactive Soni cation
Exploring Emergent Behavior Applying
Models for Biological Information and
Listening. Front. Neurosci. 12:197.
doi: 10.3389/fnins.2018.00197

Check for
updates

Interactive Soni cation Exploring
Emergent Behavior Applying Models
for Biological Information and
Listening

Insook Choi *

Studio for International Media & Technology, MediaCityUK,chool of Arts & Media, University of Salford, Manchester,
United Kingdom

Soni cation is an open-ended design task to construct soundinforming a listener of data.
Understanding application context is critical for shapinglesign requirements for data
translation into sound. Soni cation requires methodologyto maintain reproducibility when
data sources exhibit non-linear properties of self-orgamation and emergent behavior.
This research formalizes interactive sonication in an eghsible model to support
reproducibility when data exhibits emergent behavior. Inhe absence of soni cation

theory, extensibility demonstrates relevant methods acss case studies. The interactive
soni cation framework foregrounds three factors: reprodeible system implementation
for generating soni cation; interactive mechanisms enhacing a listener's multisensory
observations; and reproducible data from models that chareterize emergent behavior.
Supramodal attention research suggests interactive explation with auditory feedback
can generate context for recognizing irregular patterns ah transient dynamics. The
soni cation framework provides circular causality as a sigal pathway for modeling a
listener interacting with emergent behavior. The extensi®é soni cation model adopts

a data acquisition pathway to formalize functional symmeyracross three subsystems:
Experimental Data Source, Sound Generation, and Guided Ekgration. To differentiate
time criticality and dimensionality of emerging dynamicsuning functions are applied
between subsystems to maintain scale and symmetry of concuent processes and
temporal dynamics. Tuning functions accommodate soni caion design strategies that
yield order parameter values to render emerging patterns sicoverable as well as
rehearsable to reproduce desired instances for clinical listeners. Gse studies are
implemented with two computational models, Chua’s circuitand Swarm Chemistry
social agent simulation, generating data in real-time tha¢xhibits emergent behavior.
Heuristic Listeningis introduced as an informal model of a listener's clinical teention

to data soni cation through multisensory interaction in a ontext of structured inquiry.
Three methods are introduced to assess the proposed soni céion framework: Listening
Scenario classi cation, data ow Attunement, and Sonication Design Patterns to
classify sound control. Case study implementations are asssed against these
methods comparing levels of abstraction between experimetal data and sound

generation. Outcomes demonstrate the framework performace as a reference model
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for representing experimental implementations, also fodéntifying common soni cation
structures having different experimental implementatia) identifying common functions
implemented in different subsystems, and comparing impactf affordances across
multiple implementations of listening scenarios.

Keywords: soni cation, listening, emergent behavior, inte raction design, cognitive cycle, supramodal attention,
biological information, media psychology

INTRODUCTION: WHAT DO WE LISTEN TO  performs measurements in order to gain insights about the
WHEN WE LISTEN TO DATA? states of the observed data source. Perceptualization isnplie
transformation of data to yield observable information. To

Soni cation is an open-ended design task. Methods di er basednterpret data it is necessary to understand the transforamet
on applications. Understanding the application context is cati  that bring the data into an observable form. “The algorithms
for shaping listening scenarios and design requirements antihat transform data are at the heart of data visualization.”
subsequent choice of data translation strategies and sourftiansen and Johnson, 200 1). Observers acquire the ability
production. In cases where the experimental data source i interpret data by becoming familiar with the instrumentsat
predictable in terms of well-de ned data dimensions andtransform data, for example a doctor performs auscultation by
boundaries, the relationship between system parameters amuderstanding the functional attributes of the stethoscapeich
sound parameters can be relatively linear. However, wheimforms interpretation of the transmitted sound&igure 1A
the experimental data source is unpredictable and the dati#lustrates the auscultation functional pathway. Soni oati
exhibits emergent behavior, soni cation requires a metblogy — applies transformations requiring digital signal processufg
to establish reliable rendition of the dynamics. machine-readable information, a functional pathway ilhaséd

In the absence of established soni cation theory, the eld isn Figure 1B, generalizing and digitizing the auscultation
challenged byad-hocvariance in instruments, implementations pathway. Since no pathway from information to data and back to
and interpretations, limiting the scalability of case studgults.  information is immune to idiosyncratic complexity, the simpte
This research examines the rationale and feasibility tmfdize ~ de nition is: Soni cation is a construction of sound that informs
an extensible model for interactive soni cation, applied toa listener of datan concept, soni cation informed by biological
data that exhibits emergent behavior. An extensible mogdel idata returns sounds that carry information about that bigical
proposed as an interactive soni cation framework foregrogdi  SyStem. . o
three factors: reproducible system implementation for gatieg The present research aims to develop and extend soni cation
soni cation, reproducible data from models that characteriz Methods for data that exhibits emergent behaviors, adirgss
emergent behavior, and interactive mechanisms enhancing &25€S where reproducibility of covariance is quasi-detaistic
listener's multisensory observations. Using auditorysseion 0 Sounds and a corresponding data source. The research
to seek biological information dates back to ancient GreefX@mines the viability of using models of emergent behasdor
times when physicians monitored pulses for a clinical diaggmos d€Velop soni cation methods that may be applied to multiple
(Kaniusas, 209)2The importance of engaging all senses—to se&25€s ofblologlcal information. Results presenteq here peavid
feel, and hear—was emphasized in order to recognize patterf¥@MPple of using data models to formalize a soni cation metho
and put them to useQastiglioni, 194y, Diagnoses by listening, to enable application with more Fhan one ty_pe of data and more
termed auscultationfrom the nineteenth centuryl(aennec and than one type of sound production. Following are assumptions
Forbes, 18395 is limited to natural signals exhibiting amplitude Pased on soni cation methods adopted in this research.

and frequency accessible to human hearing. Patients aee\#ts 1. Sounds are audible because acoustic energy changessmzer t
through multisensory interaction including touch and vaiu Sound energy varies in multiple audible attributes, describe
inspection (see Appendix 1 in Supplementary Material). The in terms such as pitch, loudness, tone quality, duration,
work presented here maintains a multisensory and multimodal  gjjence, repetition, and pattern. Depending upon the type

approach in con guring sound to convey signatures of non-  of sound production, the number of audible attributes may
linear behavior that are characteristic of biological imfation. be di erent than the number of sound control parameters

Today the auditory monitoring of physiological states issexted required for those attributes.
with modern equipment and digital signal processing inevigab » - sonj cation aims for variance in sound to correspond to
introducing layers of artifacts. The very focus, or rathbet variance in the data represented by the sound. To sonify

intent of the motivation to listen to biological informatiowhen variance of data values requires a coherent model for
working with extended instrumentation and digital abstiaa, covariance of sound control parameters. The goal is to enable
is what this presentation aims to be in service of. a listener to identify salient features in sounds and reflagse

Experimental observation uses various methodologies t0 iq sglient features in the data.

obtain information from adatg source.external to the _obs'uegv 3. The coupling of data to sound production requires four
system. To make sense of information the observing system . tidimensional component signals: the sound, having
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A
Doctor Patient Position of Stethoscope Boctor
Instructions Physiologic Stethoscope Acoustic > . :
. . s . Listening
to Patient Functions upon Patient Transmission
B
Data Source Sound Sound
Data Sound
Control Soures Control Gererator and
Mechanism Mechanism Listener
FIGURE 1 | (A) Auscultation functional pathway including physician intaction with patient to induce physiological changes that gnerate audible differences.
(B) Interactive soni cation functional pathway comprised of regisite system components. The illustration shows paralleitructure to auscultation(A).

audible attributes; the sound control signal, havimngontrol ~ experimental physiological states. Interpreting neurolabic
parameters; the data to be soni ed, havipgimensions; and impulse patterns, Faure and Korn report, “The methods used
the control signal applied to the data source, havirmpntrol  in each of these studies have almost invariably combined the
parameters. These component signals have independeanbalysis of experimental data with simulations using formal
numbers of dimensions determined by the types of datamodels.” faure and Korn, 20Q3p. 787). Biosignals can
sound production, and observer interaction. be modeled in terms of signature dynamic properties, for
. . . example simulation of spiking and bursting of cortical neuson
To establish a method for extensibility of results the caupli (Izhikevich, 200R Liljenstrom applies simulation of non-linear

of soni cation component signals is de ned as a soni cation *. . N . .
. . . . circuit oscillations to reproduce non-linear dynamics me@slL
model comprised of a series of functions that meet the follgwin . T : : B .
. ) in brain signals, demonstrating chaotic oscillations aghhi
requirements: ; . . : ) :
e cient for neural information processing. Simulations cdre
the soni cation model is functional for multiple data sousse measured to demonstrate high sensitivity to input stimulusl an
types of sound production, and modes of observer interactionapid convergence on stable oscillations that may represent

the model maintains its structure while the dimensionalify learned patternsl(ljenstrom, 2010, 2092

the component signals may change; In line with the use of computational models in experimental
the model is extensible to many applications as a soni catiorobservation, the work reported here was performed with
framework. simulations recognized as paradigms for modeling bioldgica

The present research applies a candidate framework to sorafy tﬁl_gnals. The .ratlonale for selecting test cases is to |genqhel_s
models of data sources that exhibit emergent behavior, @hug‘”th properties th‘fﬂ represent a broad range qf appllcqtl_ons.
circuit and Swarm Chemistry. Emerger_n pehawors _ create . non-deterministic cond!tlons
Biological systems are complex dynamical systems that mggf soni cation covariance with data pattern formation.
exhibit emergent behavior. Emergent behavior producessili npredictability .I|m|ts the reliability of sahen_t features
features in data that can vary independently of the contratesof ~ COrrespondence in data and sound. To address this the résearc
the data source. When applying soni cation to a data source the®PPlies models of data sources that exhibit emergent pattern
exhibits emergent behavior, the aggregate coupling of sation formation. Wiener characterizes a pattern as an arrangeroént
components may produce inconsistent correspondence of dagléments, where the distinctness of the pattern is chariaetr
features and sound features. To develop robust corresparedenty the order among the elements rather than the intrinsic
of sound to data, this research adopts data sources comprisg#alities of individual element&\{iener, 1954 This relationship
of models that exhibit emergent behavior. Two soni cationcan be guantitatively expressed as a set of higher-level order
methods are presented here, one using stable regions in ti@rameters, the concept introduced by Haken, which describes
data source to generate bounding reference sounds for biesta enslaving the behaviors of ensembles of elements by which
emergent regions, the other using automated feature reiiogn  patterns are formed-{aken, 198% Biological systems in diverse
The use of models of emergent behavior for soni cation testireas of study have been observed to exhibit such ensembles’
cases is adopted from research practices for measuring bialogi emergent properties. Examples are interaction patterns of groups
signals. When biological information is acquired experir@dly, of neurons expressed in the patterns of burstingafhg and
computational models are often used to ensure the relevafice Binzel, 1998 voltage oscillations in muscle ber$/prris and
the data and provide quality assurance for unstable and ieahs Lecar, 198), the patterns of clusters of autonomous agents at
experimental conditionsJames and Hesse, 200Simulations multicellular level such as behaviors demonstrated in Glgbal
aid discernment and interpretation of transduced data, pdowj  Coupled Maps Kaneko, 201p and multi-organism levels
stable reference measurements for developing models sfich as swarming and ocking behaviors of insects and birds
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(Charbonneau et al., 20).3These classes of examples suggestte hypothesis of extensible soni cation modeling. In sewcti
two paradigmatic models: oscillation and agents. These twideuristic Listening and the LIDA Model the LIDA model
levels of abstraction cover a wide range of cases for sdivrwa is consulted to develop criteria accounting for a listemer'
of emergent behavior. The case of Chua’s circuit is seldcted disposition toward interactive soni cation.
demonstrate the oscillation model. Chua's circuit is a vgélidied Physical materials required for this research include an
paradigm of non-linear dynamicsChua, 200} as it exhibits instrument con guration for use case trials. The experimental
signal properties from periodic to chaotic as observed in mangon guration provides sound synthesis, two-channel stereo
organisms including the brains of vertebrates and humansaudio display, interface devices including computer mouse
The case of Swarm Chemistry is selected to demonstrate tlaed large-format touch screen, computer graphic display of
agent model. Swarm Chemistry is an interactive evolutignargraphical user interfaces, and large-format display of data
computing (IEC) framework for studying collective behaw@f visualization. Case studies apply real-time interactive &itrans
self-organizational agents implemented as heterogenewaisrs  in multisensory con gurations. Soni cation and visualizan are
simulation (Sayama, 200.7Chua’s circuit and Swarm Chemistry synchronized with user generated interactive signals.
exhibit dominant multi-paradigms of non-linear behaviors  Sonication components are implemented as three
and yield emergent characteristics representative of bicdbg subsystems for concurrent asynchronous processing: a data
information. In neurosciences, “Overall, both theoreti@ad source to be rendered in sound, a sound production subsystem,
experimental works in the eld seem to demonstrate that theand an observer interface for interactive exploration. Data
advanced tools of non-linear analysis can much more acelyrat transmission occurs at 10-20 Hz for user generated intemcti
describe and represent the complexity of brain dynamics thasignals and system control signals; visual display is regckah
traditional mathematical and computational methods base®4 Hz and sound is generated at 44.1 kHz per stereo channel.
on linear and deterministic analysisvttei, 2014 p. 1).” A scheduler ensures concurrent real-time responses across
Incorporating the breadth of these paradigms, an adaptablasynchronous processes.
soni cation framework can be assessed for capacity to gémera
sounds that represent non-deterministic properties such as .
emergent features and patterns. Two Dynamical Systems Models:
Perceptualization of data requires assumptions abouCommonalities and Differences
observers that may be formalized as a model of an observeX. dynamical system is iterative based on a numerical model
Listener interaction with the data source provides a confext that de nes state, initial conditions and system control
an informal model of an observer in a soni cation framework. parameters. The simulation outputs data as a time serieslIsigna
Interaction provides a frame of reference for a listener nitfy ~ exhibiting dynamical system behavior de ned as traje@srin
emergent behavior by comparing changes in the state of thee dad multidimensional phase space. The phase space represents
source and behaviors exhibited in the data. A listener iaténg  all possible signal states. Control parameters de ne all plessib
with a data source can determine whether observed behaatiers states in control space. Control parameter values determine
emergent properties or are controllable by direct manipulatio system conditions but may not directly determine system
of the data source. Emergent behavior is more dicult to outputs. Complex dynamical systems exhibit self-organizind
disambiguate if a listener is not interacting with the dateice emergent behaviors that are not predictable from previoutesta
during observation. Models of observer interaction are ieggh  or from control parameter value$(lva, 1998
to support extensible outcomes of user assessment of soiwrcat ~ Webber and Zbilut state that physiological systems can be
test cases. The hypothesized soni cation framework incdudebest characterized as complex dynamical proce§gesijer and
a normalized representation of observer interaction assessZbilut, 1999. They apply the lessons learned from complex
across multiple applications. systems theory that simple structure from a low dimensional
network may generate a wide range of patterns with little
experimental preparation. Chua’s circuit and Swarm Chemistry

MATERIALS AND MODELS FOR exhibit this property. Chua's circuit has seven control partarse
INTERACTIVE SONIFICATION OF and Swarm Chemistry has six behavioral parameters. Both
EMERGENT BEHAVIOR models exhibit emergent properties at multiple time scales.

Salient features recur at periodic and aperiodic intervalsh wi
This research applies an experimental con guration forshort patterns sometimes embedded in long patterns. The €hua
user interaction and models implemented as computationatircuit is a non-linear oscillator that generates a contingo
simulations. Section Two Dynamical Systems Modelgime signal from seven circuit components. Swarm Chemistry
Commonalities and Dierences introduces Chuas circuitanimates movements of hundreds of self-propelled agentgjalon
and Swarm Chemistry, two computational models implementedndividual paths, de ned in a bounded plane. For sound
as real-time applications with interactive control, to geater production Chua's circuit signal can be scaled to a human
sample data that exhibits emergent behavior. A model of a datudible range whereas the Swarm Chemistry data comprises
acquisition pathway is introduced in section Data Acqu@siti points in space that cannot directly produce sound. This casitra
Model for Soni cation Signal Processing, and applied in sectio di erentiates requirements for two approaches to soni cation
Extended Model for a Sonication Framework for testing and o ers insights to establishing a common framework. Infbot
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cases the soni cation couples simulation dynamics with gbun of the next: output of Experimental Data Source is input to Sound
generation for listeners' exploratory interaction. SectiResults: Generation, the output of which is input to Guided Exploration,
Applying the Proposed Sonication Framework to Multiple the output of which is input to control the Experimental Data
Experimental Systems presents di erences in soni cationgtesi Source. The iterative and concurrent nature of all procesaas

corresponding to structural di erences of the simulations. be represented as circularity of inputs and outputs, illugtdain
Figure 3 Using the data acquisition reference model, a transfer
Data Acquisition Model for Soni cation function TR, applies to each subsystem input and output. In

Signal Processing circularity, each subsystem output Jperforms a duplicate

- . S . transfer function as the input of the next subsystem in the
To test the hypothesis of extensible sonication modeling, aseries
common model of data acquisition pathway is adopted for Figures 4A-C apply the data acquision model to the

all son cation comppnent signals and applled to 6.1” use Ca?’egsarticulars of each subsystem. In the Experimental Data ®ourc
tested. The model is based on established practice and gIVSHbS stem Rigure 4A) data entering from T is applied to
rigorous uniform application to test the hypothesis tteamodel y 9 9 pp

. . : ; the control space of Chua's circuit or Swarm Chemistry. The
can identify symmetry of functional requirements to repregkent - .

S S . phase space exhibits stable states, transition states angesrhe
soni cation componentShe data acquisition model, illustrated

R X behaviors, which are sampled to acquire relevant features. Th
in Figure 2 provides ve processes that connect control data . .

- sample space is output to TFIn the Sound Generation
to a signal generator and then to sample data, and perform

data stream conversion from control rate iteration, to f@gn subsystemRigure 4B) data entering from Tk is applied to the

frequency, to sample rate iteration. The model Figure 2 sound control space, ger_1era'F|ng d'g'tal audio signals that a
; . . N sampled to generate audible information output tosTfn the
provides a basic and extensible organization.

Guided Exploration subsystentigure 40 a listener acquires
At the center of the data acquisition model a signal generatosound represented at BFand responds by manipulating an
provides a source of sample data. interface to explore the system through listening. The exailon
Control data enters the model through a multidimensionalsignal is sampled and output to R0 be applied to the control
transfer function Thypyut and is applied to a set of parameters space of the Experimental Data SourEeg(ire 4A).
that control the signal generator. To include a listener model, BRrepresents heuristic analysis
The resulting signal is sampled to acquire data thatatherthan aformal computational model of listening. Adéser
characterizes the signal, and this data is passed to performs heuristic analysis of audible signals received at TF
multidimensional transfer function Téuput. to identify expected features that represent known data state
. . . . . transformations and deviations. The termmeuristic listening
This design exposes and formalizes the functional requirgsne . . . .
. . . : . . is introduced to describe a cognitive process that connects a
for managing di erences in data dimensions and in temporal. , . . . .
listener's auditory percept to expectations and action plagnin

de nltlpn, which may occur betvyeen control S|gnals_ and(éection Heuristic Listening and the LIDA Model).
sampling processes. Frequency di erences may result in seri . o o
To summarize the extended sonication model: circular

g\cg%:?nqﬁlnt% erirrl:ir:\(;?ésgg Zlilr?g k():(i)tlﬁizr\;eﬁ)rciﬁzzzefs, r?ggmncgausality is provided through three component subsystems
) 9. y = that collectively form a round trip of data elicitation, aundi

determine the overall frequency required for input datatoete . . . .
. . . ..~ interpretation, and listener responsEi@ure 3) Each subsystem
output data in an implementation of the model. Soni cation . e -
. ) - ) is de ned as a data acquisition pathway consisting of control
modeling formalizes over- and under-sampling di erences L
. . " ~space, phase space, and sample space. The data acquisition
among its temporal dynamics. Formal de nition and systeroati . : o
. : - reference model recognizes functional tripartite symmaeafy
management of data dimensions and temporal di erences arg. .
. . . N e subsystems. The data types passing through each subsystem
required to establish extensibility of sonication models t . . .
. o . are di erent but their data pathways share common functional
multiple application domains. . ) . g . .
relationships for generating, acquiring and interpretingtala
. . This extended model is proposed as an Interactive Soni cation
Extended Model for a Soni cation Eramework.
Framework S
Akey research hypothesis is to establish an extensiblesation ~ Heuristic Listening and the LIDA Model
model. To implement this hypothesis the data acquisition modeA model of listeners' engagement with sound provides esalenti
introduced above is adopted threefold to formalize each ofontext in the production of sound to represent data. The
three soni cation subsystems: data source, sound prodogctio model considered here addresses both preattentional and
and observer interface for interactive exploration. The mlod attentional hearing as well as multisensory a ects upon listgn
represents concurrent processes within a subsystem and bleurophysiological study of auditory attention identies
extension concurrent processes across the full son catiomechanisms underlying interactive listening experiences,
implementation. The three subsystems are referred to dscluding attentive and pre-attentive processing, and top-
Experimental Data Source, Sound Generation, and Guidedown vs. bottom-up interplay of attentional mechanisms
Exploration. In the proposed soni cation model the subsystemgFritz et al., 200} Study of neuronal signals indicates that
are arranged in series with the output of one applied to the inpuauditory processing is in uenced by conscious focus of atten
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Input Control Phase Sample Output

Trans‘fer Space / Space / Space / Trans‘fer

Function Control Signal Sample Function

TFinput Data Generator Data TFoutput

Number of | From inputto C Codi X P-di i S.di . From S to output
Dimensions dimensions -dimensional -dimensional -dimensional dimensions
Iteration i
Rate Control Rate CR Control Rate CR Signal F;;quency Sample Rate SR Sample Rate SR

FIGURE 2 | Data-elicitation pathway applied as a model to formalize #functions of subsystems required for soni cation. Each corponent in the pathway is
dynamic, receives input data, and generates output data. Tédata of each component may be represented by a unique numbeof dimensions. Each component is
dynamic with a periodic iteration at one of three frequencie a control rate, a signal frequency and a sample rate. Tyt receives data ininput dimensions and
generatesc-dimensional data required for the control signal. Controlgace de nes ¢ dimensions for system control with minimum and maximum bouding values on
each dimension, de ning all possible states of control for gjnal generation. Phase space is multidimensional with dimensions for system variables specifying the
instantaneous state of the system output. Phase space encomasses all possible states of the output signal. Sample spaerepresents a parameterized multivariate
stream of digital data that discretizes the phase space sigal. Sample space represents the signal in discrete time stepwith a set of s values at each step; the
sampling method and data format vary with each subsystem. Tgytput receives the sample data irs dimensions and generatesoutput dimensional data required
downstream. Control space, phase space, and sample space dene periodic iterations, indicated as control rateCR, signal frequencySF, and sample rate SR.
Frequencies of these three periods may vary independentlyna are concurrent within the model. For example Chua's circit has a control rate of 15-20 Hz, signal
frequency rate of 20 kHz, and data sample rate of 44.1 kHz, whe Swarm Chemistry has a control rate of 10 Hz, signal frequey rate of 20 Hz, and data sample rate
of 12-15Hz.

and expectation Brechmann and Scheich, 2005; Voisin et al.f
2006; Sussman et al., 200Expectation is a temporal process
that may be largely supramodaNggarajan et al., 1998; Ivry
and Spencer, 20)4meaning attention is mutually reinforced
across vision, sound and touch. Multisensory context enbarc
listener's attention to and discernment of sound®étor et al.,
2006; Best et al., 200including visual modulation of the audio '|'|:3 T|:1
cortex Kayser et al., 2007Teng et al. (2016and Holcombe

(2009)that visual cognition seems to have a timescale similar to T l
audio for dynamic event perception. A listener's attentiordan

expectation can in uence physiological changes in the bsain
plasticity of neuronal dispositions and responsivenésdyard

et al., 1973; Woldor and Hillyard, 1991; Fritz et al., 2005
The resulting modi cations in neural signal processing impeo
temporal performance and acuity of conscious recognition
and identi cation of sounds $pitzer et al., 1988; Cusack et al.
2004; Alain et al., 200.7Fritz et al. (2005)describes MMN, a
supramodal neural mechanism for “oddball sensing” that diste
unusual changes in surroundings. MMN indicates a listener!

Experimental
Data Source

A N

Sound
Generation

«

Guided
Exploration

~N

TF,

5 FIGURE 3 | Proposed framework for interactive soni cation based on an

capacity for maintaining an heuristic focus on the trangitio
from pre-attentional to new or recognized sounds.

It is important recall that Soni cation does not interpret
itself; it requires informed skill and learning how to liste

extended model of data acquisition. Three subsystems prode core functions
required for interactive soni cation. Three transfer fundons de ne a data
transmission pathway that enables circular causality. Thextensibility of the
data acquisition model establishes structural symmetry ahe three
subsystems.

Heuristic Listening is introduced as an informal model did{siag
multisensory cycles of action and observation that comniigb
to a listener's attentive process. Heuristic Listening dmin
here asa clinically informed skill of multisensory enhanced A model of Heuristic Listening requires representation of an
attention to sounds that may be meaningful in a context an-going multi-temporal cognitive cycle, where sound egent
exploration and structured inquiryrhis skilled listening practice are disambiguated and articulated by the listener's astion
is similar to heightened everyday situations where a listéras and where the listeners actions may also set expectations
an expectation a sound will occur but is uncertain of whenfor sound events. Recognition of sounds and events occurs
the sound may occur. Heuristic Listening involves a listsne across a multisensory and supramodal cognitive cycle that
aective presence in an environment, with context awarenesgontinuously integrates multiple time layers, where multiple
attention, prediction, possible responses to false cues, andegent recognition and observer actions overlap in multipleets
response performed when an awaited sound occurs. and terminations. The reference example for this research is
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FIGURE 4 | (A) Experimental Data Source subsystem represented using theala elicitation model. Data from a user interface enters thugh transfer function Tk

and is applied to the control parameters of a dynamic experimntal system, which generates a stream of output data that exibits emergent behavior. Characteristics
of the signal are sampled to acquire relevant features and éhsample stream is output to TF . (B) Sound Generation subsystem represented using the data eli@tion
model. Data entering from T is applied to the sound control parameters for sound generairs. Associated sound design logic encodes procedures thagenerate
soni cation. The resulting digital audio signals are sampbtto generate audible information output to Tk. (C) Guided Exploration subsystem represented using the
data elicitation model. A listener positioned at a controhterface attends to soni cation input at TF, The listener performs movements in response to the soni catin,
by manipulating the interface. In sample space the interfacstates from listener's actions are digitally acquired. AtH3 the interface samples are output to the control
space of the experimental data source (se@anel A). This enables the listener to explore the relationship beeen actions and audible changes that may be generated.

the LIDA model (Madl et al., 201)l describing a cognitive attributes that occur within corresponding time windows,ciu
cycle comprised of Perception, Understanding, and Actioras pitch, loudness, duration, and pulse.

Selection. LIDA identies a 260-390ms cognitive cycle of

200-280 ms unconscious processing, subdivided into Peatepti Listening With Multisensory Interaction

and Understanding, followed by 60-110ms conscious ActioBeuristic Listening describes enhanced time-sensitive
Selection. These phases characterize the perception of audibkpectation as a context for developing interactive soniarat
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Previously this author has studied listening as a functidn obe heard (lanovsky et al., 2004 A moment of heuristic
physical interactions with emergent systems to generatadiou listening collocates the anticipatory, immediate, and prade

and introduced a kinaesthetic framework based upon multineurological processes of listening. Finally, heuristtehing
temporal cognitive cycles of multisensory attention andact implies a skill requirement supported by everyday listening
(Choi, 2017k Interactive soni cation is designed to engageexperience, and a listener's capacity to become more acute
this dynamic temporal acuity as sound events are generated by training and performing multisensory observation. These
a listener's actions. An action creates a time focus of itten models are considered in design of the research methods applied
that may elevate or supress neuronal responses dependimgthis work. Appendix 1 in Supplementary Material presents
on whether the sound is highly relevant or irrelevant to theclinical examples of heuristic listening.

conscious listening taskV(artikainen et al., 2005 (Lange and

Roder, 200p reports that listeners who receive cues to aidRESEARCH METHODS APPLIED TO

prediction of audible event timing will experience temporally
heightened neuronal attention. These ndings suggest thatNTERACTIVE SONIFICATION OF
a listener can elevate her level of attention to sonicaionEMERGENT BEHAVIOR
by performing an active inquiry and having interaction with
the experimental system being observed. Further, timindhe goal of this research is to assess extensibility of a mode
and intensity of a listener's exploratory actions will elevatas an interactive soni cation framework, and to demonstrate
expectations for corresponding changes in sounds. A listeneits application for emergent behaviors. To perform assessment
performance in terms of recognizing sounds may improve ithree methods are combinedistening scenario classi cation
the system provides multisensory attentional engagemdies.  attunement and control classi cation using soni cation design
present research provides three types of attentional engageme patterns The combined methods are applied to sonify the Chua's
visual cues from dynamic visualization of the experimentafircuit and Swarm Chemistry, and the research compares each
data, somatosensory cues from spatial orientation of physicapplication to show how these methods work together. The
movements within an interfaceHptting et al., 200 and study aims to demonstrate the extensibility of a framewark f
semantic cues representing users' actions in graphical uskieractive sonication by comparing variation and consistgn
interfaces. in each method across multiple applications.

The neurophysiological basis of heuristic listening
contextualizes a listeners experience of transition fronListening Scenario Classi cation
expectation to recognition, re ecting the temporal dynamicsA soni cation application includes a context whereby a lisgen
of pre-attentive to attentive auditory cognition. A listen@ay acquires sounds in relation to other modalities of obseorat
be thought of as having a pre-attentional streaming segiregat This research introduces a soni cation listening scenafa
“bu er.” Incoming auditory signals accumulate in that bu er system design that prepares and enables listeners eapsctat
for durations that may be as much as several seconds. Durirgf how sound generation is coupled to an experimental system
the bu er period a listener's expectation can impact the rateCoupling requires that transformations of sounds correspémd
of transition from pre-attentive to attentive statéregman, salient emergent properties or state changes of the experahent
1978; Molholm et al., 2005A transition from pre-attention to system. A properly engineered soni cation listening scemari
attention is a moment of critical phase transition; it indiea the yields an interactive learning pathway for listening skill
listener either recognizing a familiar sound pattern or ldag  acquisition, supported by a listener's understanding of the
an unexpected sound pattern. This phase transition is thexperimental apparatus.
attentive focus of heuristic listening; sounds may be urifiam A listening scenario is a construct designed with multimodal
and still be recognized to represent states of an underlyidgro  attributes that become part of a local listening environment
Identifying emergent properties in sounds engages heuristithe listening experience is not determined solely by the
listening in exploring regions of an experimental system byaudible son cation output. Sounds are perceived in a highly
recognizing combinations of familiar and unfamiliar staten  subjective environment often fused in multisensory percepts.
sounds. Unfamiliar sounds may be unstable or may exhibi(Bregman, 1990describes anauditory sceneas a temporal
unexpected transitions to new stable patterns. Listening orgm superposition of “component” sounds comprised of multiple
plays a temporal role in uncertainty and recognition, exhiigt sources, some of which are not controllable, even in antisdla
attributes of ensemble codin@Albrecht and Scholl, 20)pa listening environment such headphones or an anechoic chambe
mechanism of temporal statistical summary of informationEnvironmental conditions generate component sounds that ar
in a perceived scene. Ensemble coding is well-documentedtended at di erent levels of awareness. Neurophysiological
in visual summary of complex scenic features, and has begme-attentive mechanisms for audio stream segregation ptay a
experimentally demonstrated in audible tone patter®Sagza important role for di erentiating and keeping track of multiple
et al.,, 201 The model of ensemble coding provides asounds from dierent sources in a complex auditory scene.
foundation to account for a listener experiencing multi-tpatal  Some but not all audible sounds rise to conscious awareness,
dynamic layers of sounds unfolding in time. In this examplea subset of audible sounds is noted as distinct events, a subset
a listener simultaneously re ects on sounds previously heardf these may draw a listener's attention. According to dieelc
acquires sounds newly heard, and anticipates sounds yet &ttention hypothesis\{/elch and Warren, 1980; Andersen et al.,
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TABLE 1 | Classi cation of soni cation listening scenarios organizedy type of affordance.

Affordance and means Indicative classes of user experience

=

. Affordance: Sounds for a domain investigation
Means : Sound generation and sound design

Identify sound qualities - what is heard

Range of change exhibited by a sound

The meaning of a sound in relation to experimental data; howa sound can be described with
respect to the state of the simulation

2. Affordance: Interfaces for a domain investigation Sensory properties of a user interface including appearare, function, orientation, and ease
Means: Control paradigm of operation;

Degrees of freedom provided in an interface

Multidimensional control of an experimental system; the amber of system control

parameters accessed

3. Affordance: Perceptually compatible temporality of events Synchronization or latency between the introduction of cAnges in control space, and the
Means: Scheduling of data experimental system's response in phase space

Synchronization or latency between phase space output anccorresponding transformations

of sounds

Temporal resolution in a signal output from an experimentasystem and how this is re ected

in audible temporal resolution

4. Affordance: Multisensory information
Means: Engaging two or more modalities of an observer

Visual cues provided by an experimental control interfacevhile sound is generated
Visualization of data alongside soni cation
Enactive control of the domain investigation while listeing; physical responses of interface

5. Affordance: Complexi cation Varying the ratio of experimental data to sound control da, with the purpose of modifying
Means: Generating and controlling levels of detail the level of detail of data mapped into sound

Reduction of experimental data: Filtering the level of deil in data output from the domain

investigation

6. Affordance: Learning Provision
Means: Rehearsal for developing competence

Access to example scenarios of experimental states and assciated soni cation outputs
Access to practice scenario interaction with rehearsal the to become acquainted with the
domain investigation and sound generation

2009, multisensory percept plays a role in determining whatand (3) indicative listener experiences related to the a orca
sounds in the auditory scene are identi ed or disregardeddzh  Table 1presents a classi cation using on six types of a ordance:
on what modality is dominant at any given moment. Both
multisensory fusion and modality dominance can contribute
to highly subjective listening. Supramodal auditory attent
hypothesis states that stimulus driven shifts of auditotgmtion
are controlled by a supramodal mechanisrivgrd, 1993.
A soni cation listening scenario enabled with a multimodal
interface engages multiple senses to inform the interpretaoif
sounds. These attributes are device-agnostic and data source-agnost
The auscultation training examples surveyed in Appendix 1 irexamples of indicative user experiences providedTable 1
Supplementary Material demonstrate how sounds representingpresent potential criteria for qualitative and quantiteti
known experimental states may be learned through obsenvationeasurement. Appendix 2 in Supplementary Material presents a
of established cases. Classication of a sonication fistg test case of the listening scenario classi cation method agplie
scenario can be formalized as a guiding template with examplés independent published research involving personalized
of multimodal system norms and corresponding sound qualitiessoni cation of EEG feedback.
Sounds that are talismans of unfamiliar states or properties
may thereafter be established through empirical obsermatio Attunement of Explorable Space
Deviance detection is highly sensitive in auditory perceptio Attunement isan a priori process for conditioning a playable
(Fritz et al., 200yand is coupled to neural responses in otherspace for auditory displ&§hoi, 2014} The modeling of playable
sensory regionsf{ownar et al., 2000; Huang et al., 2)08nce  space is introduced from other applications of model-based
alistener learns to recognize sounds that are a norm, exa&giti interaction (Choi and Bargar, 2011; Choi, 20)4tPlayable
sound events can be recognized. space is not a user interface; it is an enabling design for
In this research the classication of listening scenario ishe development of interfaces. A model of a playable space
organized by classifying the a ordances of the soni catigatem may be formalized as a set of canonical relationships that
design: (1) type of a ordance, (2) means to realize the a ordanc enable the development of auditory interfaces for observing

audible quality,

user interface,
temporality,
multisensory qualities,
complexi cation, and
learning provision.
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FIGURE 5 | (A) Attunement Step 1: Between two subsystems, Guided Explorabn and Experimental Data Source, de ne an anchor point in thénterface to control the
simulation. Process:(a) For Experimental Data Source: lialize control parameter values of a known stable state. (lfjor Guided Exploration: Select a central position
in the interface and assign the control parameter values fro Step A. (c) For Tk Encode the position assigned in Step B as the initial anchorgint for attunement.
(This is a multidimensional mapping from the set of controlalues A to the interface state B). Requirement: The initialapping and interface anchor position are
selected by human inference based on prior experience witthe subsystems. (B) Attunement Step 2: De ne generating pointsconnecting the Experimental
Simulation and the Guided Exploration interface. Procesga) For Experimental Data Source: Identify control parametsets of further stable simulation states. (b) For
Guided Exploration: Select a set of new interface positionto correspond to each set of simulation state control parameer values from Step E. (Each set of control
values B, requires a multidimensional mapping to an interface posith F,). For TR. Encode each interface position assigned in Step B as a genetig point, GPn.
Requirement: Interface positions for stable states are realy accessible and evenly positioned in the control interée. (C) Attunement Step 3: Establish a Scale of
Transformation between generating points. Process: (a) F@suided Exploration: Explore interface positions betweethe Generating Points. (b) For Experimental Datal
Source: Observe changes in simulation Phase Space inducedybintermediate positions in the exploration interface. (¢jor TF3: Modify GP interface positions or GP
control values to optimize symmetry of the interface, in tens of state transitions actuated when the interface moves bisveen GPs. Requirement: Relative degree of
change in the interface should correspond to relative degeeof change in the simulation phase space(D) Attunement Step 4: Between two subsystems,
Experimental Data Source and Sound Generation. Process: J&or Experimental Data Source: For each previously selecteontrol state, observe characteristics of
(Continued)
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FIGURE 5 | the data output. (b) For Sound Generation: Working with a settion of procedurally generated sounds, identify a set of@und control parameter values
corresponding to each Data Source control state. (c) For TF For each Data Source control state, encode a mapping from thexperimental data output to a set of
sound control parameters. (d) Requirement: Initial soundsra selected based on knowledge of sound design and previous xperience with the dynamic qualities of
the experimental data output.(E) Attunement Step 5: Across three subsystems, from Guided Exjoration to Sound Generation. Process: (a) For Guided Explation
interface: Select each GP then select interface positionsdiween generating points. (b) For Experimental Data Sourcét each GP verify the state of the simulation
phase space. Between GPs observe phase space transitionsc) For Sound Generation: At each GP verify audible output. Finterface positions between generating
points verify audible transformations. (d) For hF Modify sound control space mappings to optimize for audit# transformations that have a range of discernable
differences corresponding to the dynamic range of the expémental data output. Requirement: Relative degree of audie change in son cation should correspond to
relative degree of change in the interface—implying a relae degree of change in the simulation phase space. Estabhing normalized degrees of interface action and
audible response, differences in audible transformationwill indicate non-linear properties of the Experimental @a Source rather than artifacts of interface or sound
control.

dynamical systemsChoi, 20141 The concept of space as aaudible features are aligned with selected states andrésatu
working metaphor is common in scienti ¢ practices especially i in the experimental data. IrFigure 5E the listener associates
applications of simulation and modelihgThe space metaphor audible features with generating points at the user interface
is adopted to identify the formation of explorable regions ofand audible transformations with explorable regions in the
system states as having de nable structure and functiom. Fauser interface. The attunement process is applied in cycles of
soni cation applications the ternexplorable spagds introduced iterative re nement while auditioning control input and sod
to describe the collective high dimensional parameter spaamutput. Regions of interest in the experimental data are brough
and circular causality of the extended sonication modelinto correspondence with sound control data and audible
illustrated in Figures 3 4A—-C. Appendix 3 in Supplementary transformations. Discovery of regions of interest in expental
Material summarizes functional explorable space comprisindata space may require iterative re nement. Adjustments to
the extensible sonication model. The system is calibrategharameter values are applied at tuning functions; Ténd
to ensure the sonication outputs and listeners' actions areTFz. Tuning function TR, is a representation of a listener's
meaningful with respect to the experimental system. Calibrat performance of heuristic listening.
involves adjustment of many control parameters, within each i ) i ] )
subsystem and between subsystems at each transfer functigrontrol Classi cation Using Soni cation
TF1 3. Attunement is a calibration method that systematicallyDesign Patterns
reduces the dimensionality of the parameter space in two sfageA soni cation design pattern (SDP) is a control structure for
rst stabilizing the subsystems' internal parameter valtiesn  generating a data-driven audio stream. SDPs selectivelyato
adjusting the transfer functions. F3 are referred to atuning  audible features to optimize audibility of features exrabitin
functionswhen the design of the transfer functions formalizes thesxperimental data. SDP structure is agnostic to audio coritent
attunement of the soni cation framework. the sense that one structure may control many types of sound
To perform attunement, the range of parameter values appliegenerators. SDP are informed by Alexander's concept of desig
at one TF may require adjustments at other TFs. Each Thatterns flexander et al., 19)developed for architecture, and
requires tuning to optimize for isochronous di erences beeme SDP may be considered members of the superset of design
subsystems, adjusting oversampling and undersampling batwepatterns used in software engineerinGgmma et al., 1994
subsystems to minimize artifacts generated by aliasing. as SDP dene procedural audio using instruction sets for
Figures 5A-E describe the process of implementingsound generators. This author introduced the SDP method for
attunement. The process begins with the user interface binteractive sound generation using non-linear simulatioatal
de ning a set of discrete interface states ganerating points (Choi and Bargar, 20)4and has applied SDP in multimodal
(GPs). InFigure 5B the interface GPs are assigned to a selectggerformance with evolutionary system&Hoi, 20173 SDP
set of control states. To simplify the process of mapping Mf{acilitate attunement by classifying control data featucealign
dimensional GPs to N-dimensional data control parameterswith audible features. In the soni cation framework SDP are
a manifold interface technique is introducecCifoi, 20001  located in the Sound Generation subsystem and receive iata f
In Figure 5C the explorable interface space is calibratedhe output of TR. SDP control parameters de ne the control
with control regions of the Experimental Data Source. Inspace of the Sound Generation subsystéigyre 4B), where
Figure 5D sound control parameter data sets that determineSDP functions are modulated by the experimental data from TF
SDP may be designed to control many di erent sound palettes. In
1The concept of space is implicit in musical instruments; for examplethe Swalim C-hemIStry case S-tl-JdleS tWO SDP examples are applied.
e i ) : ' . Duration is the rst organizing attribute for all SDP. Coraf
musicians' nger positions varying the lengths of strings andestare spatial . .
manifestation of control structure for pitches. While varying inegles and sizes, Parameters are de ned for SDP depending upon the duration
musical instruments commonly o er contact points and constrainedcgpéor ~ range and the type of sound generator to be controlled, presknt
performance navigation. The lesson to learn from this tradition &sdptimization  in Table 2 Duration range of an SDP refers to signal processing
of instrgments hz?lve been ehgingered wilth spatial abstractim'!d.tpta.nce.s and time required to generate an audible signal combined with
proportional relations for positioning physical elements; the optirticzais highly . . . . .
targeted to achieve not only aesthetically sounding tones alysigbgically pergeptual time requ"ed _for a, listener to register the ?umble
coherent structure for the human body. System coherence is raldotéuman  attribute or pattern. We identify ve sets of SDP attributes
capacity to explore the instrument and its audible space with facility with characteristic duration ranges: SDP 1 controls pitchrae
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TABLE 2 | Soni cation design pattern classi cation by duration.

SDP timescale, micro to macro Audible attributes that generate

features in SDP

Duration range of audible SDP attributes

SDP1—micro Pitch change, loudness change 50-200 ms
SDP2—micro Timbre, Resonance, Filtering 200-500ms
SDP3—meso Sound Source Location and Distance cues; Spatiaues 450 ms-2.0s
SDP4—meso Sound Event (from onset to evolution to terminatn) 500 ms up to seconds
SDP5—macro Patterns of Rhythm, Tempo, Spoken Words, Melody 1s up to seconds

Multiple SDPs are combined to develop an audible palette. Audible features &DP structure are dependent on the sound design and attributes of the sound genetar. Features in
SDP classes can be controlled independently at a sound generator whikle audio output may elicit auditory co-dependencies due to psychoacoustics of peeption.

and loudness change; SDP 2 controls timbre, resonance and
Itering; SDP 3 controls sound source location and spatiadgu
SDP 4 controls distinct sound events; and SDP 5 controls
patterns made up of multiple sound events. A sound event must
have su cient duration to be audibly reproducible—meaning a
pattern is recognizable because of its organization of ei¢sne
(see Wiener in section Introduction: What Do We Listen to
When We Listen to Data?). Up to a limit, a pattern is identi able

Identify model components that have common roles in
twoC implementations

Identify model components that have dierent roles in
twoC implementations

Identify experimental components that have inconsistent
relationships with  model components in t@o
implementations

Using the framework to compare solutions for emergent

independent of tempo (rate of change), frequency range, and
other attributes.Table 2 provides duration ranges of ve SDP
classes. Appendix 4 in Supplementary Material reviews auditory
perception at multiple time scales, relevant to SDP duration
classi cation and the audibility of data.

behavior adopted in multiple soni cation implementations

Similarity and dierence of challenges presented by
di erent types of emergent behavior

Accuracy of the solution space representation in the
framework, compared to the application of the solution in
the experimental system.

RESULTS: APPLYING THE PROPOSED
SONIFICATION FRAMEWORK TO

Soni cation Framework Applied to Chua's
MULTIPLE EXPERIMENTAL SYSTEMS

Circuit Simulation

Chuas circuit is an experimental paradigm that satis es the
working de nition of a chaotic system. It is well-suited to
observe and analyze emerging behavior in physical systems,
%eing comprised of the minimum number of elements required

An extensible model of interactive soni cation is introdert
in section Data Acquisition Model for Soni cation Signal
Processing as a candidate sonication framework. Th

xtensibili f the framework i mpar r hr S . .
extensibility of the framework is compared across t eeforacwcwt to demonstrate chaotic behavioignnedy, 19983

soni cation case studies using two experimental simulagion. - R .
; - *Ilustrated in Figure 6. Chuas circuit has been implemented
that generate emergent behaviors. One case is implemented {0 . . L . ) .
a physical device and as a digital simulation using

Chuas Circuit and two for Swarm Chemistry. The three cases a?

. . numerical models of the circuit elemeRtsThis author has

each presented in terms of attunement method ag,Tiistening o . S . I
. . L ._applied interactive sonication to both physical and digital
scenario design, and observed outcomes with interpretation

Each implementation adopts a dierent level of abStraCtionlc;ch)ill(laar:t]iE:tsat\:ztnhsg;]iltlic:)lr?:lé}.(:hﬂ;c;?/cdarzsisrt?;sbIossilrgzﬁeizx;(gblt
between the experimental data source and the sound generatio prop ’

. used to study and classify these behaviors, and Chuasitcircu
The collective outcomes compare the framework performance

. . . . . exhibits a diverse repertoire of intermittency, quasi-pdito
in representing the experimental implementations. Perforoean e
measures include: patterns, and chaotic signalsKkqzma and Freeman, 20)L7

describe intermittent series of synchronized metastalsknb
Accuracy and relevance of the framework representation of astates as essential to neocortex processing, with inteenay
experimental soni cation implementation enabling serial phase transitions that advance cognitiomfone

. . [’netastable pattern to the next, a model known as the cinematic
Accuracy of framework representation of an experimenta

system in terms of functional components, their sequence
and their relationships 2To demonstrate the delity of the simulation to the experimental gyst control

. ._voltages of the physical circuit are measured and applied as contronpéea
Whether the framework lacks components reqUIred Invalues in the simulationZhong et al., 1994 The digital signal output of the

the experimental system, or the framework includeS;myiation at a 44.1kHz sample rate produces an audible signal virtdaihical

components extraneous to the experimental system to that of the physical experimental circuit tuned to an audiblegrency range.

. . . Extended sequences of voltage-control changes applied in paraihel fhysical
Using the framework to compare multiple experimental ang simulated circuits maintain the two systems in common regiomhake space
soni cation implementation and produce audibly identical signals.

Frontiers in Neuroscience | www.frontiersin.org 12 April 2018 | Volume 12 | Article 197


https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org
https://www.frontiersin.org/journals/neuroscience#articles

Choi Interactive Soni cation Exploring Emergent Behavior

circuit element, capacitor C2~{gure 6), where the oscillation
signal is extracted and routed to digital-to-analog cosi@n to
generate an audible signal.
Listening Scenario: Listening directly to the experimedtgth
in real time creates an a ordance for highly interactive aahbf
Chua's circuit, requiring covariance of seven circuit edens for
agile navigation of non-linear phase space. A manifold interfac
technique was developed to facilitate interactive covaedarn-
l dimensional control parameter&{ioi, 20001 To regulate sound
G generation from emergent behaviorducial points are a type
I > of generating point used for attunemerfigure 12. Appendix
B'plogpz v (Wits) 5 in Supplementary Material introduces the manifold integfac
technique for structured high dimensional control and disses
= the use of ducial points to empirically tune the exploration
interface.
FIGURE 6 | Chuass circuit is comprised of seven elements: one locallyaive Observed Performance: The manifold interface tuned with
resistor where energy is introduced, three energy storagelements—two ducial points enables a listener to control the Chua's citcu
capacitors and a resistor, and one resistor programmed witta piecewise . . . .
non-linear transfer function that induces chaotic behavio in real time. Using the interface to covary seven control
parameters, a listener can develop agility to manually guide
the circuit states through regions of interest. Guidancendfr
theory of cognition. Haken (1983) associates intermittent audible features improves the precision of navigating control
synchronization with information transfer between level regions that generate emergent behavior. Emergent befsavio
neurons. {suda etal., 20)6denti es biological dynamics under are often exhibited in unstable regions that border unrespoa
constraints such as embryonic development and di erentiatio regions such as xed points—where oscillation ceases, aritl lim
of cortical functions, as having dependencies on propertiegycles—where oscillation is xed in a sine wave. Attunement
of non-equilibrium systems such as bifurcation and attesict ajds exploration by identifying ducial points with audible
formations such as those well-observed in Chuas circuitl a characteristics that indicate when the circuit is approaghin
outlines a critical connection from chaotic dynamics to theyndesirable regions. By attentive listening and applying oricr
capacity for macroscopic self-organization in biologicat&ys, modi cations to control parameters the listener can navigat
providing mathematical models. Although the Chua’s circuitcircuit states away from a transition region or nudge theuit
is a deterministic system, emergent oscillatory featusemot  state from one attractor region to another. This approach nsake
be predicted by the states of the individual Chua oscillatogse of the sensitivity of unstable regions, and very smalhges
elements or from preceding states of the output sigh@ure 7 introduced at the manifold interface will in uence the signa
presents examples of emergent behaviors of the Chuas circihjectory at boundaries of phase transitions.
oscillation. In addition Chua's circuit exhibitsysteresi¢Zhong Interpretation: Fiducial points can be used to mark behavioral
and Ayrom, 198p where a given control state may generaterends in control space regions, and these points used to
more than one oscillatory state, resulting in more than oee s guide listeners through unstable regions in phase space. An
of audible features for a set of control values. The sequenggterface providing stable control points bordering unstable
and duration of control state changes and the correspondingegions supports the practice of Heuristic Listening by enhagci
sequence of oscillation states in uence hysteresis. Thevgent the reliability of free navigation in complex control space.
behavior presents signi cant challenges to generatingabé#i These methods are compatible with the use of signal analysis
soni cation. Appendix 5 in Supplementary Material presents aand modeling to identify points in phase space that represent,
technique adapting attunement for soni cation to compensatepredict and in uence behavioral trends in chaotic systems.

Ro Ny

TR
I

for hysteresis. (Schi et al., 199)% report a chaos control technique that
applies signal analysis to identify unstable xed points for

Case Study 1: TF, Attunement for Chua's Circuit as a learning the directions of signal approach and divergence.

Sound Generator A small perturbation in the signal is introduced in these

The signal output by Chua's circuit oscillation exhibits praess  regions to prompt the signal to adopt preferred pathways.
that may be human audible. The attunement is illustrated inFaure and Korn (2001yeport the use of recurrences plots
Figure 8and Table 4details functional components. The circuit in regions of phase space to characterize signal tendencies
oscillation is located in the phase space of the Experimenttl Dain the region and to predict the evolution of dynamics in
Source, with a seven-dimensional control space. Soni caiso the region, to a proximate future. These regions are sites for
implemented by enabling the listener to access an audibhakig in uencing phase transitions and signal behavior by applying
from a direct data stream of the circuit's state. weak perturbations to the control space. Attentive listeners
Attunement at Th: The tuning function Tk applies scaling using a manifold interface can explore highly unstable boupdar
to the control voltages of circuit elements to establishiltzdion  conditions and in uence the circuit to maintain quasi-stab
in a human-audible frequency range. T&lso identi es a single states.
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FIGURE 7 | Six examples of emergent behavior in Chua’s circuit oscilteon. Each example presents, in the upper left a frequency duoain energy distribution (spectral
envelope) of the current time step; in the lower left a frequeey domain waterfall time series with amplitude heat map; ithe lower right a 6 s time series of frequency
domain with amplitude heat map, the most recent time step atdr right; and at upper right the user's graphical interfacedr voltage control of 5 of the 7 circuit
components, showing the current values of control voltages(A) Quasi-periodic attractor exhibiting intermittencyA periodic attractor producing a harmonic tone with
fundamental frequency near 200 Hz and additional periods pducing additional harmonic tones at integer multiples abee the fundamental. The attractor exhibits
intermittent bursts of chaotic behavior creating an irregar rhythm of noise bursts interrupting the tone. Intermittecy emerges in phase space at the boundary of a
stable attractor region and an unstable chaotic region. Vidge control change is applied serially to one circuit compeent at a time using individual linear
potentiometers. (B) Rapid transition from one quasi-periodic attraction to anther. At the start of the time series a periodic attractor exibiting intermittent bursts of
chaos produces a harmonic tone with fundamental frequency @ar 80 Hz and additional periods producing harmonic tones ainteger multiples above the
fundamental. Around 5s in the time series a change of contrgdarameter shifts the oscillation to a different periodic bsin of attraction producing a harmonic tone with
fundamental frequency near 200 Hz and additional harmonimhes at integer multiples above the fundamental. Note the thd highest period in the original attractor
becomes the fundamental period in the second attractor. Véhge control change is applied serially to one circuit compieent at a time using individual linear
potentiometers. (C) Rapid transition to Upper Limit Cycle attractor. At the starof the time series a periodic attractor exhibiting interrttent bursts of chaos produces a
harmonic tone with fundamental frequency at 60 Hz and additinal periods producing harmonic tones at integer multiplesibove the fundamental. Around 5s in the
(Continued)

Frontiers in Neuroscience | www.frontiersin.org 14 April 2018 | Volume 12 | Article 197


https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org
https://www.frontiersin.org/journals/neuroscience#articles

Choi Interactive Soni cation Exploring Emergent Behavior

FIGURE 7 | time series a change of control parameter shifts the oscilton to an upper limit cycle attractor, which is nearly peridic at 500 Hz producing a
fundamental harmonic tone and an ascending series of tonestanteger multiples of 500 Hz. Note in the lower two windows dting the bursts of chaos the amplitude
heat maps show the frequency spectrum energy remains concemated around the periods of the neighboring attractor. Vahge control change is applied in parallel to
Ve circuit components using the cursor in the plane on the ript side of the GUI. This is the 2D control surface for the manifd interface, mapping each 2D position to
a 5D control signal.(D) Onset of Chaos. At the start of the time series a stable periad attractor produces a harmonic tone with fundamental fregency at 60 Hz with
additional periods producing harmonic tones at integer mtiples above the fundamental. By introducing voltage contil changes the system moves gradually out of
the basin of attraction and falls into a chaotic region. Notén the lower two windows during the onset of chaos the amplitde heat maps show the frequency spectrum
energy remains concentrated around the periods of the nearpattractor. Voltage control change is applied in parallebt ve circuit components using the cursor in the
plane on the right side of the GUI. This is the 2D control surfacfor the manifold interface, mapping each 2D position to a 5@ontrol signal. (E) Chaotic Oscillation. A
chaotic attractor produces oscillations constituting mauy rapid transitions between multiple periodic regions. Theesult is a noise-like signal with a faintly audible tone
center shifting across the frequency range between 50 and 10Hz. This persistent weak attractor region is visible in thepectral envelope of the upper left image and
in the amplitude heat maps of the two lower images. Voltage aatrol change is applied in parallel to ve circuit componentsising the cursor in the plane on the right
side of the GUI. This is the 2D control surface for the manifolahterface, mapping each 2D position to a 5D control signal(F) From Chaotic to Periodic Oscillation. At
the start of the time series a chaotic attractor produces ostlations constituting many rapid transitions between mtiple periodic regions. The result is a noise-like
signal with a faintly audible tone center shifting across thfrequency range between 50 and 100 Hz. This persistent wealttractor region is visible in the amplitude heat]
maps of the two lower images. During the time series exampleantrol voltage change is applied steadily and the oscillath exhibits intermittent stability then becomes
stable on a periodic attractor at 50 Hz, with higher periods tinteger ratios of the fundamental. Voltage control changés applied in parallel to ve circuit components
using the cursor in the plane on the right side of the GUI. This the 2D control surface for the manifold interface, mappingach 2D position to a 5D control signal.

Phase Space:
Circuit Simulation - Emergent
Control Space: Behaviors
Manifold Interface Experimental \
outputs 7-D control signal Data ;ource
for circuit components / | Convert
! Signal to
! Sound
Initial Conditions
Phase Space' T (circuit control voltages) l
Touch Screen )
Interaction Guided Sound
Exploration Generation Redundant with
Circuit Simulation
Control Space: \ / )
7-D Fiducial Points TE Bitol R EonYErsien
with 2-D GUI of 2 Audio transducer

Manifold Interface /

Heuristic

Listening

FIGURE 8 | Attunement applied to Chua's circuit using the soni cation famework. The Experimental Data Source is Chua’s circuit attrolled by voltages of seven
electronic components. The circuit oscillation range is toed to a human-audible frequency range. The Sound Generatiosystem is redundant with the circuit
simulation; the circuit oscillaton is sampled at a capacitoand converted into an audible signal. The listener acquisethe audio signal while engaging a 2D interface,
which visualizes ducial points of stable control regions ad enables exploration of other control regions. The Manifdlinterface enables the 2D GUI to represent a 7D
control space, continuously and differentially in a manifd subset of control space. Listener actions at the interfag are converted to a 7D control signal and applied to
the control voltages of circuit components. This enables heristic listening in response to changes induced in the phasspace of the circuit oscillation.Table 4 details
the functional components in this gure.

Soni cation Framework Applied to Swarm tendencies, perceptual radius, social responsiveness and a
Chemistry Simulation random initial position and velocity. Each agent is visuadiz

Swarm Chemistry§ayama, 20)ds based on Reynold's “boids” @s & low-polygon 2D graphical object animated in a bounded
system Reynolds, 1987 Sayama implements heterogeneou§lane. An agent moves autonomously with a de ned probability
agents, each agent having autonomous social tendenci@k random velocity until another agent enters its perceptual
expressed as movement, and awareness of other agents shaffgjus. At each time step in the simulation every agent
the movement space with social tendencies. The simulatioffSPonds to all other agents that are within its perceptual
speci es 100 to 300 agents, each agent initialized with mevem €ld. Agents’ movement responses express these parameterized
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TABLE 3 | Swarm Chemistry behavior control parameters and social catitions.

Agent control parameter Agent's behavioral tendency Social conditions
Alone With others

Straying Move randomly if no other agents are in perceptuahnge Required

Pace Keeping Approximate current speed to normal speed Optional Optional
Cohesion Move toward the average position of other agents iperceptual range Required
Alignment Accelerate toward the average velocity of othergents in perceptual range Required
Separation Avoid collisions with other agents Required
Whim Move randomly with a given probability Required

TABLE 4 | Soni cation Framework implementation for Chua's circuit.

Function Component

Experimental simulation Control space 7-dimensions: Contl voltages for seven circuit components
Phase space Chua’s circuit oscillation across seven circucomponents
Sample space Oscillation signal at capacitor C2—a single @nnel of continuous

frequency-amplitude oscillation

TH « Chuas’s circuit fundamental frequency set at 50 Hz
« Signal extracted from component capacitor C2 routed to DAC

Sound generator (redundant Control space Co-variance of control voltages of seven citat parameters in select control regions
with experimental simulation de ned in TF3 and inherited from the simulation control space
subsystem)
Phase space DAC of circuit signal at 44.1 kHz to an audible sitl
Sample space Continuous audio signal of Chua’s circuit ostiation is routed to loudspeaker
TR Listener acquires sound output and engages Manifold inteate to explore system properties in control regions, guidedby audible features
Guided exploration Control space Fiducial Points for Marfd Interface based upon stable audible properties relatedot
control space of simulation
Phase space Listener navigating the continuous control pfee of Manifold Interface
Sample space Listener's cursor path in Manifold interfacesioutput as a 2D time series data stream

of (x,y) positions

TR Bijective Mapping: continuous, differentiable and bi-déctional mapping transforms 2D cursor positions into muldimensional time
series data of control values for seven Chua circuit compongs

Manifold Interface indicated in Guided Exploration is discussed in sgon Case Study 1: TR Attunement for Chua's Circuit as a Sound Generator, and in Appendix 5 iBupplementary
Material.

tendencies: straying, cohesion, alignment, separatiormydnd  movement area or of other agents' formations or positions. A
pace keeping, presented Table 3 An agents tendencies are system was implemented for human socialization with agents
quanti ed as strength of attraction to the average positiola enabling touch screen interventions in the simulatiézhi and
average velocity of all perceived neighbors, an imperative t®argar, 2013 With or without external intervention collective
avoid collision, a probability to move randomly, and stremgt patterns emerge across groups of agefigure 9 illustrates

of tendency to approximate its own average normal speeegxamples of swarm agents' emergent behavior, induced by
Parameters for these attributes for each agent de ne thérobn an observer using an interface to interact with agents' aoci
space of the simulation. The state of an agent includes itendencies.

attribute values, its current position in the movement plane,

and its movement history required to determine acceleratio Procedural Sound Generation for Swarm Chemistry

and probability. At each simulation time step the movementSoni cation

response of each agent is solved for its attributes with réspeBwarm Chemistry simulation data cannot be converted diyect
to all other perceived agents, and the resulting positionsllof ainto an audible signal. The Sound Generation subsystem for
agents are collectively updated. Other than state requiced f Swarm Chemistry adopts procedural sound synthesis, enabling
these calculations an agent has no memory of prior movemerg broad range of auditory representations including soniica

or location, and agents have no top-down spatial view of thelesign patterns (section Control Classi cation using Soation
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Design Patterns). For two cases studies, two methods of Attunement at Th: To preserve a literal association to the
soni cation are implemented as alternative attunements oWisualization of agents, each (x,y) position was mapped to an
transfer function Tk in the soni cation framework, illustrated in  auditory range that varied over fundamental frequency (pitc
Figures 1011 Case Study 2 (section Case 2: TF1 Attunement foand stereo position. To be highly literal in correspondence to
Parallel Data Streams of Many Agents) applies individual &jen the visualization, each agent's y-axis position was mappedfa pitc
data to directly control an equivalent number of individual (low to high with the position of the agent) and each x-axis
sound sources. This method relies upon multiple sound sourcposition was mapped to stereo position (left to right with the
aggregate interaction to generate emergent features anaog position of the agent). These associations were selectelteas t
to visual pattern emergence. Case Study 3 (section Case 3: ThRtst elementary with respect to simultaneous visual display of
Attunement Using Feature Recognition Data) applies sta#itic agent positions. Phase space dimensions are scaled to 1038
measures to detect the emergence of salient features. Tlpixels; agentsize is 44 pixels and agents move stepwise by units
method applies swarm data indirectly via pattern recognitionof 1 pixel.

data to control sound synthesis. To maintain control for Listening Scenario: The soni cation design is hypothesiped
comparative assessment, Case studies 2 and 3 adopt a commender only general correspondences perceivable. For example,
attunement of transfer functions BFand TFs, including a using a stereo eld to represent lateral position of sound sosirce
common Exploration Interface for the listener to interactthvi provides a range of perhaps a dozen virtual source positions that
the Swarm Chemistry simulation. Common attunement o, TF can be distinguishedBegault, 1994; Pedersen and Jorgensen,
and TR enables the comparison of two soni cation methods2005, and then only when agents are in a relatively tight cluster.
at TH applied to a common source of emergent behaviors. AFor 300 agents the tuning anticipated that when at least 70%
TF, the Exploration Interface is implemented using a multi- (210 agents) are in a single cluster occupying no more than 15%
touch surface to display a graphic visualization of swarnof the x-axis range (153 pixels), a dominant stereo positioh wil
agents. The visualization becomes an interface by enatiimg be audible. For pitch perception the frequency range of the y-
user to interact directly with swarm agents by touching theaxis was scaled between 800 and 1,200 Hz so that agents in close
screen. Appendix 6 in Supplementary Material introduces th@roximity will generate a focused pitch center (the harmonitora
super ageninechanism that enables listeners' social interactiof 2:3 is a Perfect Fifth, a litle more than half the perceptual
with agents in simulation phase space. Adopting swarm datdi erence of an octave). This tuning anticipates, when at feas
visualization as an interactive interface requires sogaerated 60% (180 agents) are in a single cluster occupying no more than
in real-time presented synchronously with the visualizatio 15% of the y-axis range (114 pixels), that on the y-axis a darntin
As an audible channel parallel to visual patterns, soni catio pitch center will be audible. This soni cation design antidigs.
may provide either redundant or complementary information. widely dispersed agents to render a broad tone cluster with no
Dynamic patterns emerging from agents in aggregate pose directional imaging of a sound source location. Evaluaagned
challenge for delity of data representation in sound. Energ  to test whether a separation of agents into two discrete aisiste
patterns are transient features and introduce uncertainty i would be audible as two sound clusters separated by relative
rendering these features in sound. Patterns that emerg@lys di erences in pitch center and perceived source position.

in the swarm data may not emerge in sound, depending upon the Observed Performance: The literal attunement did not cgnve
relationship between the swarm data and the sound generataaudible patterns that were easily recognized, compared to the

This di erence is demonstrated in Case Studies 2 and 3. clarity of visual patterns from the same data. Audible feasur
were much less distinct than visible features of agent thistions

Case 2: TF; Attunement for Parallel Data Streams of and clusters. Source position and pitch center overall weakwe

Many Agents The dominant sound was a quiet broad pitch spectrum across

To sonify the data of individual agents the movement ofthe frequency range and stereo eld. Even the most highly
each agent is measured and transmitted as control data for @ntralized clusters were weak in conveying pitch center and
corresponding sound source. Assigning a unique sound sourc®urce position compared to the background sound. Stray agent
for each agent may be referred to as a “literal” methad: insmall percentage were su cient to interfere with imagirichis
agents generate concurrent data streams applied to control lack of distinction is likely a result in part of the limited sod
individual sound sources. For swarms whereD 300 to 500 palette of the SDP. Many audible attributes were not included
this data is high density and the sound computation is inteasi in data-driven transformation, and a higher-order sound tean

for real-time interaction with the swarms. Auditory percemti  was not applied. The audible pro le of the simple tones does
tends to limit recognition of concurrent sound sources; thenot provide strong coherence for rendering spatial relatfops
attunement of many parallel sound streams anticipates thei@among the agents.

collective mixture. To generate sound for each agent a haicno Interpretation: The distributed sound source soni catios i
tone with uniform frequency spectrum, frequency range, andne ective, in particular when compared to visualization fees.
duration were applied to each agents data to normalize thépplying agent data to modulate multiple audio parameters
audibility of all agents. A high-density sound mix was aipiided ~ would likely improve audible imaging of source location and
to mask sounds of individual agents so that collective latiiés  pitch center. Interaction with the swarms improved recoguiti

will emerge. This attunement is illustrated iRigure 10 and  of audible features but the sound alone could not be used to
Table 5details functional components. perform accurate “blind” interpretations of swarm patterns.
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FIGURE 9 | Two examples of Swarm Chemistry emergent behavior inducedyban observer's interaction. Swarm agents are visualized oa touch screen interface.
Each touch point generates a SuperAgent in the swarm simulain control space. Agents' autonomous responses are deterrimed by their behavioral rules for social
interaction. Feature recognition is applied external to thsimulation and is used to visualize agent clusters using ¢or. (A,B) Two views of swarm agents gathered
around 10 touch points from observer's interaction. In(B) ve clusters are recognized by feature detection and visuaed using color. Swarm clusters are an emergent
property formed by agents' collective behavior. Individuadgents are not aware of their membership in clusters(C—F) A sequence illustrating induced bifurcation of
one agent cluster into two clusters. In(C,D) an observer applies touch to agents in one cluster and leadshe agents in two separate directions. InE) some agents'
collective movements break away from the original clusterral form a second cluster. Feature detection is applied exteral to the simulation and the two clusters are
visualized using two colors. In(F) the observer has removed the touch points and the two clustes exhibit symmetry through the agents' social interaction.
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FIGURE 10 | Attunement applied to swarm agents' simulation using a “léral” method, generating a separate sound for each agent, ahmixing sounds in aggregate
to render emergent patterns from agent data into auditory iformation. The simulation de nes agents in 6 dimensionsTable 3) and several dimensions are selected
from these data streams to provide control data for sound prduction for each agent. The sound is rendered as an aggregatenix for n agents; in the reported
researchn D 200. The listener acquires the audio signal while engaging 2D interface, which visualizes agents' movement in a 2D plan The listener may touch the
screen to in uence agents' behavior. At each touch point a SugrAgent is introduced in the simulation control space and th agents respond to touch points as if they
are regular agents. This enables the listener to apply sodia uence to modify agents' collective behaviorTable 5 details the functional components in this gure.

Case 3: TF; Attunement Using Feature Recognition relationship between data and SDP can modify level of diktail
Data is transforming sound.
As an alternative to direct soni cation of each agent, saaition Attunement at Tk: A pattern recognition process is located

may use data generated by pattern recognition techniquesaappliin TF; to detect and quantify swarm aggregate features
to statistical analysis of agents' collective behavior.stelu (Figure 11). Target patterns are identi ed in advance from a
formation is a common emergent pattern, occurring whenselection of known emergent features. A recognition method
agents separate from a large swarm or gather from disperségl used to dynamically detect pattern formation in agents'
positions forming one or more cohesive subgroups. A swarnpositions. Data of all agents' positions is routed to the
may self-organize into a variable number of clusters andemgd ~ recognition process where the number and membership of
autonomous phase transitions where one cluster spontangousgtlusters is determined at each time step. Each cluster is
separates into two, or two clusters come into proximity andmeasured in area (visible size), density (number of agermtsjar
merge into one. Symmetry and asymmetry of cluster shapand symmetry or asymmetry (circular or deformed shape).
is another common emergent pattern, with clusters achievinghe resulting pattern data is applied to control the SDP,
circular shapes at some times and other times dynamicallywhich are designed with aordance for multiple clusters.
deforming along the x- or y-axis. Change of density is anotheAdditional soni cation is applied to phase transition events;, fo
common emergent pattern, varying the number of agents in &xample signaling the separation, merging, and deformation o
cluster with respect to the cluster's geometric area (itéblds clusters.

“size”). This attunement is illustrated iRigure 11 and Table 5 Listening Scenario: The soni cation design hypothesized
details functional components. that sound sources could be used to represent clusters and
As swarm agents collectively generate patterns the indatiduthat listeners could understand audible features obsenved
agents' actions exhibit emerging aggregate social dysamito a limit of four concurrent sound sources, representing
across subsets of agents. Soni cation can re ect di erenels the largest four clusters. We further hypothesized that
of information, from individual agents' details to emerden sound transformations can mirror visual transformations
collective patterns. Soni cation design patterns used ineCasto enhance multimodal attention focus. SDP were designed
Study 3 expose multiple levels of detail in sound production andéh relation to the target feature set. For each target paftern
enables design of a scalable relationship between levetaif th ~measurements used a single-value normalized scale [0,1]
data and level of detail in sound transformation. Adjustithg  to quantify recognition, and this data controls the sound
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FIGURE 11 | Attunement applied to swarm agents' simulation using a patrn recognition method. Cluster formation among subgroup®f agents is the primary
feature reported. Secondary statistical data about each cister is also reported, such as average velocity. Severalmiensions are selected from these data streams to
provide control data for sound production. The four largestlusters are selected as the sources of control data, and amidependent sound source is generated to
sonify the data of each cluster, up to four clusters. The souts are transformed in direct correspondence to feature dataneasured in each cluster. The listener
acquires the audio signal while engaging a 2D interface, wth visualizes agents' movement in a 2D plane. The listener ryatouch the screen to in uence agents'
behavior. At each touch point a SuperAgent is introduced intte simulation control space and the agents respond to touch pints as if they are regular agents. This
enables the listener to apply social in uence to modify agerst collective behavior.Table 5 details the functional components in this gure.

palette. Intermediate values between several target patterDISCUSSION
generate corresponding interpolations of SDP related to each
pattern. Perceptualization is concerned with an observer and her
Observed Performance: Applying feature detection data tgisposition with respect to objects of study. Framing inteiree
control soni cation design patterns, the audible transfations ~ Soni cation includes models of listening as well as models
clearly corresponded to visible features that were measurdfat exhibit emergent behavior. The aim is to demonstrate
by pattern recognition. In addition the sounds' qualitative feasibility of extensible modeling for interactive sorateon and
di erences enhanced the visualization by enabling ne-geai ~ feasibility of applying a son ciation framework to biologica
audible comparisons of relative size and dynamic properties ¢fformation. The proposed soni cation framework provides
clusters. Listeners did not report confusion from four soundcircular causality as a signal pathway for modeling a listene
sources, in part because of coupling to visual cues. The ranfi#eracting with an experimental system that generates gever
and variety of sounds enhanced quantitative understandin§ehavior. A framework for interactive soni cation is a step
of the swarms without requiring a one-to-one relationshiptoward community development of a theory of son cation, whic
between the number of agents and the number of soundds underdeveloped in a growing eld. For example, the research
Sounds and their transformations were designed to represedf€a of real time EEG soni cation, has seen publication ghowt
the range and variety of features that comprise the targehore than 5 times (from 25 to 140) between 2002 and 2012
patterns. (Valjaméae et al., 20).3

Interpretation: Soni cation design patterns modulated by Biological informationis very likely to exhibit unpredictdity
cluster feature recognition is e ective, in particular in piding such as non-linear and chaotic behavior as well as experimental
sounds that correspond to visualization features. The numbeSystem uctuations and noise. To help disambiguate these
of sound sources required may be independent of the numbé}ata conditions scienti ¢ observation methods often pl’(ﬂld
of agents, and a modest number of sound sources catmerical reference models and simulations. Adopting this
sonify the features of large population swarms. A weakneg@pproach, the sonication framework provides methods
of this method is that swarm behaviors that are not partdeveloped with models and simulations that exhibit well-known

of predetermined target patterns are not emphasized in th@ehaviors of biological systems. Working with biologically
soni cation. inspired simulations o ers opportunity to exercise attunement
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FIGURE 12 | Schematic illustration of a manifold interface with a condt path and four ducial points. A manifold is a locally Euclidan topological space representing
linear ranges ofn control parameters inn-dimensional Euclidean space, where each point in the spaces an n-tuple of real numbers corresponding to a unique set of
control values of a parameterized system. Am-dimensional control path is illustrated on the left and th@ath on the right is generated by differentiable 2D projeain
from a bounded sub-region ofnD space. The 2D actuation space is differentiable and bi-déctional with thenD sub-region. Fiducial points are indicated by the
endpoints of the four lines projected between spaces.

FIGURE 13 | Semiotic relationships of the soni cation framework. In the st-order semiotic dyad, data-driven sounds signify expenental system states. In the
second-order semiotic triad, data-driven sounds signifyHe listener's actions that bring about the system states. Té listener's actions are identi ed as a second-order
signi ed. In attunement the two semiotic layers are concurren Terms in italics originate from Peirce's triadic semiatimodel (Peirce, 1955). The vertices of the
semiotic triad align with the component subsystems of the sni cation framework in Figure 3.

with an interactive architecture addressing the entire aggilon  information system coupled to the primary data source being
context including the listener's mode of interaction in theop.  studied. Attunement articulates the coupling between medel
This larger context accounts for observation as a secondanf observation and models exhibiting unpredictable behavior
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TABLE 5 | Soni cation Framework implementation for Swarm Chemistry.

Function Component

Experimental simulation Control space Total number of agés is de ned as a constant; 6 control dimensions initialize agnts' social behavior; heterogeneous
agent types may be initialized with different control valigeto increase control space dimensions by 6 x agent types

Phase space Agents' autonomous movements in a bounded 2D plae

Sample space Data of individual agents' movements; Statigtal analysis of agents' behaviors; feature detection of pdse transitions
such as emergent cluster formation

TR Agent data and swarm aggregate feature data are translatedyomultidimensional mapping to create sound generator contl data
Sound generator Control space Soni cation Design Patternsaceive control data from swarm agent data and feature analys data
Phase space Real-time sound synthesis with integration oecorded sound sources and digital signal processing

Sample space Soni cation Design Patterns with transformatins controlled by agent data

TR Listener acquires sound output and engages swarm visualizeon touch screen interface. Listener is attentive to exple agents' behaviors
and agents' responses to perturbations guided by auditorydatures

Guided exploration Control space Agents are visualized andisplayed on a multi-touch screen. Listener's touch pointdn the swarm introduce “super
agents” into the simulation

Phase space Listener observers agents' autonomous movemes and determines when, where, and how to perturb agents
Sample space Listeners' actions applied to the multi-touctscreen are transmitted to Tl as 2D (x,y) positional data streams

TR Each touch position is added as a super agent to the simulatio control space, with the super agent's behavior determinedy the listener,
not by simulation control parameters. Autonomous agents rgpond to a super agent as they respond to all other agents. Tf-enables a
listener to introduce perturbations into the simulation @i engagement directly with simulation Phase space

TABLE 6 | Comparison of Attunement parameters for Chua’s circuit andSwarm Chemistry, based on the affordance Compatible Tempatity of Events.

Affordance Type: Compatible Temporality of Events Data Type: Frequency

Measurement of Attunement con guration Chua Swarm
Control rate: Experimental Simulation Control Space 15-20 Hz 10Hz
Frequency rate: Experimental Simulation Phase space 20kHz 20Hz
Sample rate: Experimental Simulation Sample space 44.1kHz 12-15Hz
Control rate: Sound Generation Control Space 15-20 Hz 20Hz
Frequency rate of Interface update in Guided Exploration 24-30Hz 15-30 Hz
Temporal Ratio in Tk: Experimental Simulation sample rate/Sound Generation cdrol rate 1/1 1/2
Temporal Ratio in Tl: Guided Exploration sample rate/Experimental Simulationantrol rate 1.5/1-2/1 1.2/1-1.5/1

(SeeTable 1, Affordances of soni cation listening scenarios).

to increase reliability in soni cation applied to non-lineand  function of state change and system response. Semiotic phasci

chaotic systems. provide a perspective for understanding how listeners may
In a discussion of bioinformatics Biro introduces a distioo~ disambiguate sounds having representative meanings. Appendi

between biological signal, data, and informatiddirp, 201). 7 in Supplementary Material discusses related semiotic fomst

A signal emitted by a biological system is initially “datain soni cation.

translocation” and becomes “information transmission” lyn

when biological receptors exhibit local state changes ipaese  Performance Assessment of the Proposed

to the signal. Data is transmitted throughout the systemSoni cation Framework for Representing

information is transmitted only at points of responsive redept Multiple Experimental Cases

;Ri,srejslzli?t"m%iﬁ;i?, dsiterrgsl?se?h\{evheait gg[li IS 'Q{?%‘"O”To assess accuracy and relevance of the soni cation framewo
from the Latin informare mga?nin “to i>\l/e forgmy 03 In Tables 4 5 compare three case study implementations across
S . ) 9 9 , each of the subsystems' functional components, showing
soni cation, data is formed into information when a listene correspondence to the models illustratedfigures 4A-C The
IS attentl\{e o th? sound apd can assougte it to a qatf:ase study implementations also align with the soni cation
source. Biro describes reception of information as a Semlonframework subsystems illustrated iFigure 8 corresponding
to Table 4 and Figures 1Q 11 corresponding toTable 5 The
Shttp://www.etymonline.com/ framework provides a reference model for analyzing soniaat
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TABLE 7 | Listening scenario comparison of two soni cation implemerations using classi cation by affordances.

Listening Scenario Comparison using Classi cation by Afford

ance

Indicative class of users experience

Chua’s circuit

Swarm chemistry

Affordance 1: Sound for a domain investigation
Means: Sound generation and sound design

What is heard
Range of audible change

Relation to experimental data

A continuous electronic signal

Frequency range averages from tendo soprano;
Tone quality range from pure pitch to pure noise
without pitch center; Rhythmic patterns both regular
and irregular are imposed upon the frequency and
tone

Sound represents oscillatiodynamics and
emergent properties that are signatures of
non-linearity and chaos

Sound samplesral Synthesized sounds
Soni cation Design Patterns express data through
multidimensional transformations including audible priitives
such as frequency, duration, and timbre as well as sound
events and sequences

SDP provide an aggregate audible summary of high level
features; SDP are transformed by data from individual agest
and groups of agents

Affordance 2: Interface for domain investigation
Means: Control paradigm

Interface presentation

Degrees of freedom

Multidimensional control

Graphical user interface with cursoCapture of
cursor positions as control points. Linear
potentiometers to control individual parameter
values.

2DoF as cursor moves in bounded area

Highly ef cient Manifold interfee—position of 2D
cursor in a control area determines values of seven
control parameters simultaneously

Graphical visualization of 2D agents autonomous movements
in real-time

4DoFHfarded by two hands each having 2DoF for
independent (x,y) position. Each hand position is extendeby
multi- nger touch constrained by limits of wrist rotation
Touch interaction in agents' phase space provides indirect
access to simulation control space. No direct modi cation of
swarm agent control parameters is enabled for exploratory
interaction

Affordance 3: Temporal relationship of events
Means: Scheduling of data

Latency from simulation control space to phase
space

Latency across TR :

Ratio of temporal resolution of data to sound

Very low latency—Instantaneous response

Very low latency—Instantaneous response

Nearly 1to 1

Agents' movementare updated in real time instantaneously.
Emergent features evolve over extended durations of multi@
seconds.

400ms to 2 s. Audicesponse to agents requires statistical
analysis.

M to N. Agents' individual temporal dynamics are applied to
transform an independent number of sound sources

Affordance 4: Multisensory information

Means: Engaging two or more modalities of an observer

Visible interface

Data visualization
Responsive interface

GUI's discrete spatial locations in cortt area
represent simulation control states; linear distances
represent relative change of control states; marked
points in control plane aid user memory of
surrounding regions

None

Audible change synchronizes with ietface cursor
movement

Visualization of agents movements

Visualization of agents movements

Direct touch screen interaction with visualization of ages,
while listening to audible responses

Affordance 5: Complexi cation

Means: Increasing or reducing level of detail under user control

Ratio of simulation data to sound control data

Reduction/compression of experimental data

ltol

Sample rate coversion of data to sound at
44.1 kHz; direct representation of data as sound

1to 1inthe rst Swarm Chemistry case study. 300 to 4 in the
second Swarm Chemistry case study

1to 1inthe rst Swarm Chemistry case study. Extensive
statistical analysis applied in the second case study, repting
5 global measures for overall agents' behavior and 4
measures for each agent cluster up to four clusters

(Continued)
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TABLE 7 | Continued

Listening Scenario Comparison using Classi cation by Afford ance

Indicative class of users experience Chua’s circuit Swarm chemistry

Affordance 6: Learning Provision
Means: Rehearsal for developing competence

Access to example scenarios Yes, an initialized Manifoldterface with generating  Yes, an initialized Swarm Chemistry simulation with preped
points is provided for exploration sounds was provided for exploration
Rehearsal time given Yes Yes

implementation. For example the framework may be appliedaind Swarm Chemistry soni cations. Metrics and quantitative
to disambiguate the model of Sound Generation for the Chuameasurements can be devised for many of the eld3able 7,
circuit, which unlike the Swarm Chemistry soni cation doest  including data that measures user interactions. The fram&wor
apply a separate procedural sound generator nor soni catiornables the impact comparison of each a ordance across multiple
design patterns. Instead audible soni cation is generatgd blistening scenario implementations.
D-to-A conversion of the Chua's circuit oscillation. Expegntal The framework also identi es how a common function may
data that is converted directly to sound have been regardede implemented in di erent subsystems. For example in both
as a special class of sonication, indicating the need foChua's Circuit and Swarm Chemistry, attunement methods are
a more inclusive model in order to perform comparative applied to increase the reliability of son ying emergent baba
assessment. By adopting the circuit signal as a direct sourid Chua's Circuit emergent behavior is tuned at transferdtion
source, the relationship of data to sound may collapse intdFs using ducial points located in the user interface. In Swarm
a trivial—and ambiguous—representation. Presented in th€hemistry emergent behavior is tuned using automated featur
framework component model of a soni cation design, the citcu recognition to control soni cation design patterns, locdtat
functions as a signal generator component in two subsystemsansfer function Th.
Experimental Data Source and Sound Generafig\re 8). The In summary, a son cation framework identi es structural
circuits dual position resolves ambiguity by referring to a requirements and functional components to support
underlying data acquisition modelF{gure 2) that is shared in all comparisons of multiple implementations using measurement of
subsystems. The shared structure of signal generator @aflow attributes and related a ordances. An extensible framewtbiek
two framework components to share an implementation of thecan be used to establish symmetry for measuring and comparing
circuit simulation. system implementations, can further be applied as a reference
The framework also aids comparison of case studies to identiimodel for measurement and comparison of user interactions
common soni cation structures having di erent experimental and user experiences with diverse soni cation systefable 8
implementations. Case Studies 2 and 3 use di erent modelgses the soni cation framework to summarize structuresttha
of sound generation; one adopts a simple mapping of datalign and variations in component implementation across tre
to sound, the other applies soni cation design patterns. Thecase studies. Structural symmetries identi ed in the frame
son cation framework provides a structure at transfer fuilect  can be used in the future to de ne human performance metrics,
TF; for representing attunement between experimental dataneasuring and comparing user experience and productivity
and sound generation. Multiple alternative sound generatobutcomes across multiple son cation system.
implementations can be compared at 1TeeFigures 1Q 11),
in terms of measuring how the sound generator is tuned to e .
the control data and how the tuning satis es requirementsaof Somfyln_g Emergen(_:e With Attunement and
listening scenario. Interactive EXplOf'atlon
The son cation framework provides a structure to interpret Emergent behaviors in non-linear dynamical systems arg onl
and compare attunement for Chuas Circuit and Swarmpartially predictable in best-case scenarios. A soni cation
Chemistry.Table 6identi es soni cation components to de ne framework facing probabilistic behavior intends to provide a
aordances based on temporality of events. At each of thesaordance to observe all possible states of a system. The tensio
components the two simulations are compared in terms obetween indeterminate behavior and reproducibility poses a
frequency measurement and frequency ratio. The degree éflemma interms of soni cation objectives:

S|m|Iz_ar|ty n frequenc_y provides quantitative comparisorhoix 1. Reproduce experimental system behaviors as audible
two listening scenarios are de ned by temporal a ordance. The signatures;

selection of.attunement. con guration parameters Tf:}bleG % Render the salient features of emergent behaviors.

was determined by their relevance for measuring impact o

processing frequency across the two simulations. Restated as a methodology problem: Emergent features may
Table 7 provides a comprehensive comparison of thenot provide a data model for linear coupling to predetermined

a ordances that de ne listening scenarios for Chuas Citcui audible features. Addressing this problem, two approaches for
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mapping data to sound have been presented. One approath direct application of interactive soni cation. Working dm
is to preselect sound to represent known features and use simulation to an experimental system enables comparison
these audible signatures to de ne boundaries of unstablef work ows—of the model and the physical system—to
regions, aiding reliable exploration by close associafldnis is  determine symmetry between the experimental design and the
demonstrated in Case Study 1, the Chuas circuit soni aaito simulated control con guration. Instrumentation determés
using ducial points to anchor the listener's interface witable where and how attunement may be applied to extend an
boundaries of unstable regions. Appendix 5 in Supplementargxperimental work ow. For biological experimental systems,
Material presents a related technique using attunement toeal-time attunement feedback from tuning functions JT'te
compensate for hysteresis. The other approach is to renddi~3 may be challenged by physical limitations of interaction.
sound to represent all data points and listen for patterns in th&Response characteristics of experimental biological systems
aggregate, applying a design that aims to ensure emergent dabay limit the capacity for real-time exploration. Time latgnc
features will generate parallel emergent audible feat(fgis.is required to actuate state changes in a biological system
demonstrated in Case Study 2, the Swarm Chemistry sonbcati may reduce the listener's sense of interaction. Establislain
using a separate sound source to represent each of 200 swaparameterized exploration space for experimental acquisiion
agents. Neither approach o ers a complete solution to the studpiological information requires system precision for indugin
of emergence. Case Study 3 demonstrates the application afid measuring state changes. Attunement utilizes initial
soni cation design patterns to provide strategies that ainsltusse  system exploration to identify salient features and bouretar
the gap between these two approaches. of unstable regions. With biological information, the iiait
Modes of interactive exploration expand the conditions forexploration process is quali ed by the control parameters of
interpreting son cation by enhancing the listeners measwf the observing apparatus. Constraints in implementation of
temporal dynamics. As a listener explores a dynamical systemxperimental control space will qualify the initial exploaati
behaviors and sounds co-evolve. Dynamic navigation acrosd the system, which is required to identify salient feature
control space provides a context to anchor sounds by associati of emergent behaviors. Detecting emergence will depend upon
to movement and transformation. Heuristic listening inves  the instrumentation and the ability to identify ducial pois
attentive movement dynamics that complement the dynamicén experimental control space. Finally, signi cant latency
of control states and system responses. Modeling a listenar experimental systems may impede interactive exploration
provides criteria for measuring audible feature identiiwat, required for heuristic listening.
both to assess target acquisition in known states of expetiahe

systems, and to identify the salience of new features ingemr  Symmary of Son cation Framework
behaviors. Interactive exploration optimizes for emergemath Requirements

exploration supported by attunement. Soni cation as data driven tone production requires interfive
and representative techniques for perceptual relevancesfitrer

Feasibility of Applying Soni cation generates design requirements. Equally, soni cation resguir

Attunement to Data of Biological Signals rigor to accurately interpret and represent data or systentl wi
Future work will study feasibility of soni cation attuneme reproducibility, therefore generates scienti ¢ requiremtz

. . . . T The sonication framework provides a reference model
applied to biological signals, anticipating a two-phase approach . ; . . .
o . .~ "to generate requirements for implementation of interactive
(1) apply the framework to sonication of a biological

. . S data processing coupled to sound generation. The framework

reference model; (2) in the sonication framework replace. . . . . S

. : . is designed as a canonical model of interactive soni cation

the reference model with a biological data source. The . .

L . . . providing a small number of variables to represent the model, a
relative instability of biological systems presents chaks. . L

. Lo . : . simple tripartite structure based on symmetry of data ow, and

Measurements of biological information can experience signa .

. . ) a reusable template that can be applied to many systems. The

uctuations introduced from an experimental apparatus.

. . - -~ framework supports an attunement process to provide solutions
Noise may be introduced from data recording instrumentatio S . : .
, for soni cation of unpredictable data of non-linear and chao

and the surrounding environment. A biological SyStemssystems. The framework adopts a tripartite semiotic strustur

states d_ur|r)g a data acquisition trial period are unlikely hich constructs the position of a soni cation listener angbus
to remain in a narrow mean that represents a constan " S L o

. . . o the position of a bioinformaticianKigure 13. The exibility
value. Experimentally recorded biological data often

- . . . : . . . of the canonical model is demonstrated with two models that
requires disambiguation of information from noise. In line L - . - S
. . . . exhibit characteristics of biological systems, Chuasuiirand
with research practices that use models and S|mulat|on§ ;
. : - Swarm Chemistry.
as references for comparison of noisy data, sonication R .
. To conclude, the soni cation framework may be summarized
attunement adopts models to generate audible reference . . . .
. L s a set of requirements for design, implementation, and
features for comparison to data that exhibits unstable syste -
. application of attunement.
behaviors. . . )
. . . . . Architecture Requirements:
Physical constraints of biological systems may require
specialized adaptation of the soni cation framework. Feifigib 1. A controllable experimental data source that exhibits
study of an experimental biological system is required prior emergent behavior output as a digitized signal;
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2. A serial relationship of three subsystems: an activergbse 14. For multimodal engagement, provide coupling through the
controlling a dynamical system, the observed dynamical experimental data source, between a ordances of sound
system generating experimental data, and a sound generator production and a ordances of the user interface;
responding to the data to generate information acquired byl5. To generate a requisite variety of sounds, adopt
listening; sound synthesis design to generate a range of audible

3. An interactive signal path that provides circular caugalit transformations of sounds with respect to a domain of
across the three subsystems, de ning an explorable space for measured changes in the experimental data;
active listening; 16. To connect outputs of data pattern recognition to a semioti

function in sound, design audible signatures for known

Functional Requirements: salient features of emergent behaviors.

4. An interface to vary control parameters in real time for . . - .
. . . . j Attunement implemented with pattern recognition provides
inducing changes in the experimental data source; . ; .
a hybrid methodology to support reproducible observation,

5. pAarsrcr)]uertlergeneratmg engine with data driven ContIrOIidenti cation and feature discernment across multiple

6. Engineered distinction between data (elicited from aaip type; qf dynamic _data sources using. multiple type; of
. S . . . . soni cation. The framework provides an e cient and extengh
and information (interpretation of a received signal);

. : - . reference that integrates models of emergent behavior and
7. Three transfer functions (tuning functions) where corsien . . o . :
- . . . models of a listener's attentive interaction with data. Ityna
between data and information is performed for routing

. ) be applied to compare diverse sonication systems and
control signals from one subsystem to another; SO ) . . .
applications, to identify common functions implemented

Procedural Requirements: in dierent subsystems, and to compare the impact of

. . . aordances across multiple implementations of listenin
8. For the dynamical system that is the experimental datgCenarios P P 9

source, enable observers to induce changes in the system
states;
9. Measure the output signals of the experimental data sourddUTHOR CONTRIBUTIONS

to identify salient features and emergent behaviors, and . . .

transmit this information across the framework: The author con rms being the sole contributor of this work @én
10. Given salient features in an output signal, enable oksetg  @PProved it for publication.

annotate the related system states by creating ducial goint

in the user interface; ACKNOWLEDGMENTS

11. Given unstable behavior in the experimental systemfigen ) o
control space boundaries of unstable regions and applyhe author would like to thank Leon Chua and Hiroki Sayama

ducial points in the user interface to mark the boundaries; for their scienti ¢ and engineering guidance; Robin BargaQ.
12. Apply data output by the experimental system to provideZhong, Arthur Peters, Je Meyers, and Kevin Bolander for
control of the sound generator, such that ducial points havetechnology support.

recognizable associated sounds;
User Experience Requirements: SUPPLEMENTARY MATERIAL

13. For exploring an experimental system, provide gestalthe Supplementary Material for this article can be found
orientation for listeners to learn system behaviors throug online at:  https://www.frontiersin.org/articles/10.388ins.

multimodal experiences; 2018.00197/full#supplementary-material
REFERENCES Begault, D. (19948D Sound for Virutal Realuty and Mutlimediacademic Press;
NASA TM-2000-209606. Available online at: http://ntrs.nasa/grchive/nasa/
Alain, C., Snyder, J. S., He, Y., and Reinke,. K. S. (2007).géban auditory casi.ntrs.nasa.gov/20010044352.pdf
cortex parallel rapid perceptual learnin@ereb. Cortexl7, 1074-1084. Best, V., Ozmeral, E. J., and Shinn-Cunningham, B. G. (2007)aNfisguided
doi: 10.1093/cercor/bhl018 attention enhances target identi cation in a complex auditocgse.J. Assoc.

Albrecht, A. R., and Scholl, B. J. (2010). Perceptually averaging in a Res. Otolaryngd, 294-304. doi: 10.1007/s10162-007-0073-z
continuous visual workd: extracting statistical summary represgnts Biro, J. (2011). Biological information—de nitions from a biologl perspective.
over time. Psychol. Sci. 21, 560-567. doi: 10.1177/095679761 Information2,117-139. doi: 10.3390/info2010117

0363543 Bohadana, A., Izbicki, G., and Kraman, S. S. (2014). Fundafseofalung
Alexander, C., Ishikawa, S., and Silverstein, M. (19X Pattern Language: Towns, auscultationN. Engl. J. MeB70, 744-751. doi: 10.1056/NEJMral1302901.

Buildings, ConstructiomNew York, NY: Oxford University Press. Brechmann, A., and Scheich, H. (2005). Hemispheric shifts of sound
Andersen, R. A., Musallam, S., and Pesaran, B. (2004). Seledteng t representation in auditory cortex with conceptual listenir@ereb. Cortex

signals for a brain-machine interfac€urr. Opin. Neurobiol14, 720-726. 15, 578-587. doi: 10.1093/cercor/bhh159

doi: 10.1016/j.conb.2004.10.005 Bregman, A. (1990)Auditory Scene Analysis: The Perceptual Organization of

Bargar, R., Choi, |., Das, S., and Goudeseune, C. (1994)leMased interactive Sound Boston, MA: MIT Press.
sound for an immersive virtual environment,” iffroc. 1994 International Bregman, A. S. (1978). Auditory streaming is cumulatizeExp. Psychol. Hum.
Computer Music Conference, ICMC 1984drhus). Percept. Perform, 380-387. doi: 10.1037/0096-1523.4.3.380

Frontiers in Neuroscience | www.frontiersin.org 27 April 2018 | Volume 12 | Article 197



Choi

Interactive Soni cation Exploring Emergent Behavior

Castiglioni, A. (1947)A History of Medicine, Trans and Eé. B. Krumbhaar. New
York, NY: Alfred A. Knopf.

Charbonneau, D., Blonder, B., and Dornhaus (2013). “Sock#dts: a model
system for network dynamics,” ifemporal Networkseds P. Holme and J.
Saramaki (Heidelberg: Springer), 217-241.

Choi, I. (1994). Interactive exploration of a chaotic oscillator §enerating
musical signals in real-time concert performanterranklin Inst331, 785-818.
doi: 10.1016/0016-0032(94)90089-2

Choi, I. (2000a). A manifold interface for kinesthetic notation in high-dinienal
systems,” in Trends in Gestural Control of Mueis,M. Battier and M. Wanderly
(Paris: IRCAM).

Choi, I. (2000b). “Gestural Primitives and the context for congtignal
processing in an interactive performance system, Tirends in Gestural
Control of Music,eds M. Battier and M. Wanderly(Paris: IRCAMN),
139-172.

Choi, I. (2014a). “A Priori Attunement for Two Cases of DynamiSgktems,” in
Proceedings of the 20th International Conference on Auditsplay (ICAD-
2019, eds. A. Roginska et al. Georgia Institute of Technologgfmational
Community for Auditory Display, Available online at: https://smartegatech.
edu/handle/1853/52079.

Choi, |. (2014b). Advancing Performability in Playable Media:imusation-
based interface as a dynamic sc@&Al Endorsed Trans. Creat. Techridl:e5.
doi: 10.4108/ct.1.1.e5

Choi, I. (2017a). “Structured reciprocity for musical performancéhvawarm
agents as a generative mechanismpPioc. 14th International Conference on
Advances in Computer Entertainment Technology, LectuesNoComputer
SciencéHeidelberg: Springer), 689-712.

Choi, I. (2017b). “Interactive composition and performance framdwaith
evolutionary computing,” in Proc. 2017 International Computer Music
ConferencéShanghai).

Choi, I., and Bargar, R. (2011). “A playable evolutionary intafor performance

and social engagement.” iRroceedings 4th International ICST Conference

on Intelligent Technologies for Interactive Entertainn{fdTETAIN 2011)
Genova, eds A. Camurri and C. Costa LNICST 78, ISSN 1867-8BIN 9%3-
3-642-30213-8, Springer, Heidelberg, 2012,170-182. Availalite at: http://
link.springer.com/chapter/10.1007/978-3-642-30214-5_19

Choi, I., and Bargar, R. (2013). “Between music and gamegaatiee sonic
engagement with emergent behaviors Advances in Computer Entertainment
Lecture Notes in Computer Science, Vol 82%3D. Reidsm&. Haruhiro, and
A. Nijholt (Heidelberg: Springer), 519-523.

Choi, I., and Bargar, R. (2014). “Sounds shadowing agemtsrggng audible

Hermann, T. (2011).Model based soni cation,” in The Soni cation Handbook, eds
T. Hermann and A. Hunt (Berlin: Logos Verlag), 399-427.

Hillyard, S. A., Hink, R. F., Schwent, V. L., and Picton, T. W. (39EBctrical
signs of selective attention in the human braiSciencel82, 177-180.
doi: 10.1126/science.182.4108.177

Holcombe, A. O. (2009). Seeing slow and seeing fast: two limits arepgon.
Trends Cogn. Sdi3, 216—221. doi: 10.1016/j.tics.2009.02.005

Hotting, K., Rosler, F., and Roder, B. (2003). Crossmodal ardrimtdal attention
modulate event-related brain potentials to tactile and auditory slinxp.
Brain Res148, 26-37. doi: 10.1007/s00221-002-1261-z

Huang, M. X., Lee, R. R., Miller, G. A., Thoma, R. J., and Hanlon, FP&ulson,
et al. (2005). A parietal-frontal network studied by somatosensaigball
MEG responses, and its cross-modal consisteiNguroimage28, 99-114.
doi: 10.1016/j.neuroimage.2005.05.036

Ivry, R. B., and Spencer, R. M. (2004). The neural representatitimef Curr.
Opin. Neurobiol14, 225-232. doi: 10.1016/j.conb.2004.03.013

I1zhikevich, E. (2003). Simple model of spiking neurd&EE Trans. Neural Netw.
14, 1569-1572. doi: 10.1109/TNN.2003.820440

James, C. J.,, and Hesse, C. W. (2005).
analysis for biomedical signals.Physiol.
doi: 10.1088/0967-3334/26/1/R02

Kaneko, K. (2015). From globally coupled maps to complex-systems biology.
Chao25, 097608. doi: 10.1063/1.4916925

Kaniusas, E. (2012Biomedical Signals and Sensors |, Biological and Medical
Physics, in Biomedical EngineeriBgrlin: Springer-Verlag.

Kayser, C., Petkov, C. I., Augath, M., and Logothetis, N.Z007). Functional
imaging reveals visual modulation of specic elds in auditory cortek
Neurosci27, 1824-1835. doi: 10.1523/JINEUROSCI.4737-06.2007

Kennedy, P. M. (1993). Three steps to chaos, part Il: a Chuastgmimer. IEEE
Trans. Circ. Systi0, 657—674. doi: 10.1109/81.246141

Kozma, R., and Freeman, W. J. (2017). Cinematic operation of thbre¢mrtex

interpreted via critical transitions in self-organized dynamistsyns.Front.

Syst. Neuroscll:10. doi: 10.3389/fnsys.2017.00010

Laennec, R. T. H., and Forbes, J.ohn, Sir (1885jteatise on the Diseases of the
Chest and on Mediate Auscultatidview York, NY: Samuel Wood & Sons.

Lange, K., and Roder, B. (2006). Orienting attention to pointime improves
stimulus processing both within and across modalitizsCogn. Neurosdi8,
715-729. doi: 10.1162/jocn.2006.18.5.715

Lilienstrém, H. (2010). “Inducing transitions in mesoscopic braigndmics,”
in Modeling Phase Transitions in the Bragds D. A. Steyn-Ross and M.
Steyn-Ross (New York, NY: Springel47-177.

Independent component
Meas 26, R15-R39.

features from emergent behaviorBfoc. Fourteenth International Conference Liljenstrém, H. (2012).Mesoscopic Brain Dynamics. Scholarpediailable

on Synthesis and Simulation of Living Systétewv York, NY: MIT Press),
726-733.

Chua, L. (2005). Local activity is the origin of complexityt. J. Bifurcation Chaos
15, 3435-3456. doi: 10.1142/S0218127405014337

Cusack, R., Deeks, J., Aikman, G., and Carlyon, R. P. (2004ct<E of
location, frequency region, and time course of selective atientbn
auditory scene analysid. Exp. Psychol. Hum. Percept. Perf@®n.643-656.
doi: 10.1037/0096-1523.30.4.643

Downar, J., Crawley, A. P., Mikulis, D. J., and Davis, K. D. (R080@nultimodal
cortical network for the detection of changes in the sensonjrenment. Nat.
Neurosci3, 277-283. doi: 10.1038/72991

Faure, P., and Korn, H. (2001). Is there chaos in the brain? |. Giscé nonlinear
dynamics and methods of investigatidd.R. Acad. Sci. |B24, 773—793.

Faure, P., and Korn, H. (2003). Is there chaos
Experimental evidence and related modelS. R. Biol. 326, 787-840.
doi: 10.1016/j.crvi.2003.09.011

Fritz, J. B., Elhilali, M., and Shamma, S. A. (2005). Di erentialaiyit plasticity
of Al receptive elds during multiple spectral tasksNeurosck5, 7623-7635.
doi: 10.1523/JNEUROSCI.1318-05.2005

Fritz, J. B., Elhilali, M., David, S. V., and Shamma, S. A. (2007}litéwy
attention—focusing the searchlight on soui@urr. Opin. Neurobiol17, 1-19.
doi: 10.1016/j.conb.2007.07.011

Gamma, E., Helm, R., Johnson, R., and Vlissdes, J. (I3&iyn Patterndoston,
MA: Addison-Wesley.

Haken, H. (1983)Synergetics: An IntroductioBerlin: Springer.

Hansen, C., and Johnson, C. (200B)e Visualization Handbooloxford: Elsevier.

in the brain? II.

online at: http://www.scholarpedia.org/article/Mesoscopicnbdyinamics#
Mesoscopic_brain_dynamics_and_consciousness

Lin, Y.-P., Yang, Y.-H., and Jung, T.-P. (2014). Fusion otrelescephalographic
dynamics and musical contents for estimating emotional responses
in music listening. Front. Neurosci. 8:94. doi: 10.3389/fnins.2014.
00094

Madl, T., Baars, B. J., and Franklin, S. (2011). The Timing of dgaitive cycle.
PL0S ONB: €14803. doi: 10.1371/journal.pone.0014803

Martikainen, M. H., Kaneko, K., and Hari, R. (2005). Suppressed regsato self-
triggered sounds in the human auditory corteRereb. Cortex5, 299-302.
doi: 10.1093/cercor/bhh131

Mattei, T. (2014). Unveiling complexity: non-linear and fractalabysis in
neuroscience and cognitive psychologyront. Comput. Neurosci8:17.
doi: 10.3389/fncom.2014.00017

McDermott, J. H., Schemitsch, M., and Simoncelli, E., P (2013). Summary
statistics in auditory perceptiorNat. Neuroscil6, 493—-498. doi: 10.1038/
nn.3347

Mealla, S., Oliveira, A., Marimon, X., Steert, T., Jorda S., and Vaganda
(2014). “The role of personalization and multiple EEG and sound featu
selection in real time soni cation for neurofeedback,” Rroceedings of the
International Conference on Physiological Computing Systhsl, PhyCS
(Lisbon), 323-330.

Molholm, S., Martinez,. A., Ritter,. W., Javitt, D. C., and Fake]. (2005). The
neural circuitry of pre-attentive auditory change-detection:fMRI study of
pitch and duration mismatch negativity generato@ereb. Cortek5, 545-551.
doi: 10.1093/cercor/bhh155

Frontiers in Neuroscience | www.frontiersin.org

28

April 2018 | Volume 12 | Article 197



Choi

Interactive Soni cation Exploring Emergent Behavior

Morris, C., and Lecar, H. (1981). Voltage oscillations in the Bdeac Tsuda, |, Yamaguti, Y., and Watanabe, H. (2016). Self-orgaoiz with
giant muscle ber.Biophys. .J193, 193-213. doi: 10.1016/S0006-3495(81) constraints—a mathematical model for functional di erentiatioEntropy

84782-0

Nagarajan, S., Blake,. D. T., Wright, B., Byl, N., and Merzenick1888). Practice-
related improvements in somatosensory interval discrimination are teaifyo
speci c but generalize across skin location, hemisphere, and modality
Neuroscil8, 1559-1570.

Pastor, M. A., Macaluso, E., Day, B. L., and Frackowiak, R.®6)2The
neural basis of temporal auditory discriminatioNleuroimage30, 512-520.
doi: 10.1016/j.neuroimage.2005.09.053

18:74. doi: 10.3390/€18030074

Ulanovsky, N., Las, L., Farkas, D., and Nelken, I. (2004). Multipte scales
of adaptation in auditory cortex neuronsl. Neurosci24, 10440-10453.
doi: 10.1523/INEUROSCI.1905-04.2004

Valjamée, A., Ste eert, T., Holland, S., Marimon, X., Benitez, R. |lsle@., et al.
(2013). “A review of real-time EEG soni cation research,’"Rnoceedings of
the 19th International Conference on Auditory Display (ICAD 2QL8}z),
85-93.

Pearson Education (2006%rentice Hall Heart and Lung Sounds Workbook andVoisin, J., Bidet-Caulet,. A., Bertrand, O., and Fonlupt, P. §200Qistening in

CD. Pearson Education.
Pedersen, J., and Jorgensen, T. (2005). “Localization penfcemaf real and

silence activates auditory areas: a functional magnetic resenaraging study.
J. NeuroscR6, 273-278. doi: 10.1523/INEUROSCI.2967-05.2006

virtual sound sources,” ithe RTO Human Factors and Medicine Panel (HFM) Wang, X. J., and Rinzel, J. (1998). “Oscillatory and bursting prageofineurons,”

SymposiunfAmersfoort: NATO OTAN Science and Technology Collaboration

Support O ce; RTO-MP-HFM-123).

Peirce, C. (1955). “Logic and semiotic: the theory of sigms,Philosophical
Writings of Peirceed JBuchler (New YorKNY: Dove), 98—119.

Piazza, E. A., Sweeny, T. D., Wessel, D., Silver, M. A., anch&hiD. (2013).
Humans use summary statistics to perceive auditory sequeRsgshol. S@4,
1389-1397. doi: 10.1177/0956797612473759

Reynolds, C. (1987). “Flocks, herds and schools: a distributeavizeal model,”

in SIGGRAPH '87: Proceedings of the 14th Annual Conference on €ompuelch,

Graphics and Interactive Techniqu&saheim, CA: Association of Computing
Machinery, 25-34.
Rosenboom, D., and Number, L. M. (199Extended Musical Interface with the

Human Nervous System. LEONARDO MONOGRAPH SERIES IntealatioriVoldor ,

Society for the Arts, Sciences and Technology (ISAST), no

Sayama, H. (2007). “Decentralized control and interactive desigthods for
large-scale heterogeneous self-organizing swarmsEQAL 2007 eds F.
Almeida e Costa, L. M. Rocha, E. Costa, I. Harvey, and A. Coaot{@erlin:
Springer-Verlag), 675-684.

Sayama, H. (2012). “Swarm-based morphogenetic arti cial lifeylanphogenetic

in Handbook of Brain Theory and Neural Networéd M. Arbib (Cambridge:
MIT Press), 686—691.

Ward, L. (1994). Supramodal and modality-speci c mechanisms for dtisiu
driven shifts of auditory and visual attentioBan. J. Exp. PsychdB, 242—-259.
doi: 10.1037/1196-1961.48.2.242

Webber, C. L., and Zbilut, J. P. (1994). Dynamical assessmepgtiysiological
systems and states using recurrence plot stratehiéppl. Physiof.6, 965-973.
doi: 10.1152/jappl.1994.76.2.965

R. B., and Warren, D. H. (1980).
response to intersensory discrepancyrsychol.
doi: 10.1037/0033-2909.88.3.638

Wiener, N. (1954)The Human Use of Human Being®ston, MA: Da Capo Press.

M. G., and Hillyard,, S. A. (1991). Modulation of early
auditory processing during selective listening to rapidly presented
tones.  Electroencephalogr. Clin. Neurophysiol.79, 170-191.
doi: 10.1016/0013-4694(91)90136-R

Zhong, G. Q., and Ayrom, F. (1985). Experimental conrmation of
chaos from Chuas circuit.Int. J. Circuit Theor. Appl 13, 93-98.
doi: 10.1002/cta.4490130109

Immediate perceptual
Bull. 3, 638-667.

Engineeringed R. Doursat, H. Sayama, and O. Michel (Berlin; HeidelbergZhong, G. Q., Bargar, R., and Halle, K. (1994). Circuits for agst tuning

Springer-Verlag), 191-208.

Schi, S., Jerger, K., Duong, D., Chang, T., Spano, M., antbDiv. (1994).
Controlling chaos in the brairiNature370, 615. doi: 10.1038/370615a0

Silva, C. P. (1993). Shil'nikov's theorem - a tutoriBEE Trans. Circuits Syst40,
675-682. doi: 10.1109/81.246142

Spitzer, H., Desimone, R., and Moran, J. (1988). Increased iatteahhances
both behavioral and neuronal performanceScience 240, 338-340.
doi: 10.1126/science.3353728

Sussman, E. S., Horvath, J., Winkler,. I., and Orr, M. (2007).rdleeof attention
in the formation of auditory streamsPercept. Psychophy&9, 136-152.
doi: 10.3758/BF03194460

Teng, X., Tian, X., and Poeppel, D. (2016). Testing multi-scale priogeissthe
auditory systemSci. Rep5:34390. doi: 10.1038/srep34390

the parameters of chua’s circuit: experimental application for miisicmal
generationJ. Franklin Inst331B, 743-784. doi: 10.1016/0016-0032(94)90088-4

Coniict of Interest Statement: The author declares that the research was
conducted in the absence of any commercial or nancial relatiops that could
be construed as a potential con ict of interest.

Copyright © 2018 Choi. This is an open-access article distribnter the terms
of the Creative Commons Attribution License (CC BY). Thedisteibution or

reproduction in other forums is permitted, provided theirmalguthor(s) and the
copyright owner are credited and that the original pubbedi this journal is cited,
in accordance with accepted academic practice. No usepdist or reproduction
is permitted which does not comply with these terms.

Frontiers in Neuroscience | www.frontiersin.org 29

April 2018 | Volume 12 | Article 197



