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Abstract
Marsyas, is an open source audio processing framework with specific emphasis on

building Musgc Information Retrieval systems. It has been been unde development since
1998and has been used for avariety of projects in both academia and indugry. In this
chapter, the software architecture of Marsyas will bedescribed. Thegod isto highlight

design chdlenges and solutionstha are relevant to any MIR software.

Introduction
Musc has aways been trandormed by advances in technology. Examples of

technologies that trandormed theway musc was produced, distributed and consumed
indudemusdcal ingruments, musc notation, recording and more recently digital musc
storage and distribution. Recently portable digital musc players have become a familiar
sghtand onlinemusc sales have been steadily inareasing. It is likely that in the near
future anyonewill be able to access digitally all of recorded musc in human history. In
order to efficiently interact with therapidly growing collectionsof digitally available
musgc it is necessary to develop tools tha have some undestanding of the actua muscal
content. Mudc Information Retrieval (MIR) is an emerging research area tha deals with

all aspects of organizing and extracting information from musc signds.

In the past few years, interest in Musc Information Retrieval (MIR) has been steadily
increasing. MIR agorithms, especially when andyzing musc signds in audio format,
typically utilize state-of-the-art signd processing and machinelearning algarithms. The
largeamounts of data that is processed together with the hugecomputationd

requirements of audio processing can stress current hardware to its limits. Therefore



efficient processingis critical for building fundional MIR systemstha scale to large
collectionsof mudc and eventudly to al of recorded musc. Moreover, MIR isan
inhaently interdisciplinary field with practitione's with varying degrees of computer and
programming expertise (examples of fieldsinvolved indudemuscology, information
science, and cognitive psychology). Therefore it isdesirable for MIR systems to suppot
multiple hierarchical levels of usage and extengbility. These issues make thedesign and

development of MIR systems and frameworks especially chalenging.

MARSYAS (Musc Andysis, Retrieval and SYnthess for Audio Signds), isan open
source audio processing framework with specific emphasis on building MIR systems. It
has been unde development since 1998and has been used for avariety of projects both
in academia and indugry. Theguiding prindaple behind thedesign of MARSYAS has
always been to provide aflexible, expressive and extensve framework without
sacrificing computationd efficiency. Addressing these conflicting requirementsis the

major chdlengefacing the software engineer of MIR systems.

Themain objective of this chepter is to describe the software architecture of MARSYAS
usng examples from specific MIR applications We highlight thedesign chdlenges and
corresponding solutionstha are probably relevant to any MIR software system. In many
cases these solutionsare informed by ideas originaing from other fields of Computer
Science and Software Engineering but have to be adgpted to the particular needsand
condraints of MIR research. After reviewing related work and backgroundinformation,

MARSYAS is described in thefollowing subsections History, Requirements, Architecture



and Projects. Thenext section (Specific Topics) describes in more detail specific topics
tha we bdieve are especially important for audio processing and how we have tried to
address them in theframework. The chgpter condudes with adescription of future trends
in MARSYAS and audio processing software frameworks in general. One of themajor
dilemmas facing any MIR researcher iswhether to use existing tools or develop ther
own. By describing thetradeoffs and chdlenges we have faced with thedesign of our
system we hopeto hdp researchers make more informed decisions Findly an undelying
theme of this chapter istheimportance of open source software for research and howit is

different from other areas of open source development.

Background

Musgc Information Retrieval isanew area of content-based multimedia information
retrieval. Althoughthere was sporadic earlier work, a goodreference starting pointisthe
first internaiond conference on MIR (ISMIR) which was hdd in 200Q These
conferences (ISMIR) have been aforumfor bringing togeher musc researchers, audio
engineers, computer scientists, mudcologists, librarians and musc indugry (Futrelle and
Downie, 2002)MIR with audio signds typically requires signd processing and machine
learning agorithms in order to achieve tasks such as classification, smilarity-retrieval

and segmentation.

MARSYAS 0.2, the software framework for audio andysis and synthesis described in this
paper, evolved from MARSYAS 0.1 (Tzanetakis and Cook, 2000, a framework tha

focused modly on audio andysis. One of the motivating factors for therewrite of the



codeand architecture was the desire to add audio synthesis capabilities and was
influenced by the design of the Synthesis Toolkit (Cook and Scavone 1999. Other
influences indudethe powerful but more complex architecture of CLAM (Amatriain,
2005) thepaching modd and strongtiming of Chudk (Wang and Cook, 2003), and ideas
from Aura (Dannenbeg and Brandt, 1996) The matrix modd used in Implicit Patching
was influenced by the design of SDIFF and the default naming scheme for controlsis
ingpired by the Open SoundControl (OSC) protocol (Wrightand Freed, 1997). Thecode

structure reflects many ideas from Design Patterns (Gammac et al., 1995.

Theidea of daaflow programming has been fundamental in thedesign of MARSYAS.
Dataflow programming has alonghistory. Theorigind (and till valid) motivation for
research into dataflow was to take advantage of parallelism. Motivated by criticisms of
theclassical von Neumann hardware architecture such as (Ackerman, 1982 daaflow
architectures for hardware were proposd as an aternative in the 1970sand 1980s
During the same period a number of textud dataflow languayes such as Luad (Wadge
and Asharoft, 1978 were proposd. Despite expectationsthat dataflow architectures and
languayes would take over from von Neumann concepts this didn®happen. However
during the 1990sthere was a new direction of growth in thefield of dataflow visud
programming languayes tha were domein specific. In such visud languayes
programming is doneby connecting processing objects with QviresOto create QpatchesO

Successful examplesindudelLabview (http.//www.ni.com/labview/), SImuLink

(http://www.mathworks/com/products/simulink/) and in thefield of Computer Musdc

Max/MSP (Zicarelli, 2002)and Pure Data (Puckette, 2002) A recent comprehensve



oveview of daaflow programming languages can befoundin (Johngon et al., 1985)
Another recent trend has been to view dataflow computation as a software engineering
methodobgy for building systems usng existing programming languayes (Manolescu,
1997) A comprehensve overview of audio processing frameworks from a Software
Engineering perspective can befoundin (Amatriain, 2005) More recently frameworks
specific to MIR have been introdued. They indude ACE and JAudio (McKay et a,

2006)and D2K/M2K (Downie and Futrelle, 2009.

More detailed information aboutsome of thetopics discussed in this chapter can befound
in conference publications Implicit Patching was introduced in (Bray and Tzangakis,
20053 and Flexible Schedulingin (Burroughset d., 2006) Expeiments with distributed

audio feature extraction were described in (Bray and Tzanetakis, 2005b)

Description of Marsyas

MARSYAS is a software framework for rapid prototyping, design and experimentation
with audio anadysis and synthesis with specific emphasis on processing musc signdsin
audio format. In this section we examinethe history and motivation behind thedesign
and development of MARSY AS. Some of the requirements used to design the latest
versiontha are applicable to any MIR system are also discussed. The section endswith

an oveaview of the software architecture of theframework.



History

Thedesign and development of MARSYAS was initiated by George Tzanetakis while he
was studying at Princeton University as part of his graduae research unde the
supeavision of Perry Cook. Themotivating application was a reimplementation of awell
known mus c/speech discriminaor work [Scharer and Slaney, 1997]. In generdl,
implementing an existing algorithm provides a much desper undestanding of how it
works and in many cases suggests directionsfor improvement or extensons Even though
theinitial versonwas only used interndly at Princeton it was designed to beagenera
framework with reusable components rather than a specific implementation. Gradudly
MARSYAS was used to condud new research in audio andysis and retrieval. Since then
every publication by George Tzanetakis and many by others have used MARSYAS. In
2000it was clear that certain major design decisionsneeded to berevised. A magjor

rewrite/redesign of the framework was initiated and thefirst publicOversion was

released (numbered 0.1). Soonafter Sourceforge (http://sourceforgenet/index.php) was
used to hog MARSYAS. Version 0.1 is still widdy used by avariety of academic groups
and indugry aroundtheworld. It iswell known in Software Engneering tha even though
major rewrites can be time consuming they are inevitable for complex software and
typically result in much better codestructure and organization. A second magjor rewrite
was initiated in 2002while George Tzanetakis was a PogDoctoral Fellow at Carnegie
Mellon University working with Roge Dannenbeg. Themotivation was thedesire to
port algorithms from the Synthesis Toolkit (STK) (Cook and Scavong 1999Q into

MARSYAS. This effort as well as many interesting discussions with Roge Dannenbag



informed thenew design. Thenew version (nunmbered 0.2) uses a dataflow modd of
audio computation with general matrices (Slices) ingead of 1-D arrays asdaaand an
Open Source Control (OSC) (Wrightand Freed, 1997)inspired hierarchical messaging
system used to control the daaflow network. Thisistheversion described in this chapter.
Even thoughna immediately obvious suppoting audio synthesisisimportant for a
successful MIR software framework. Themain reasonis tha the ability to hear the
results of audio andysis algorithms can bevery useful for debugging and undestanding
algorithms. For example the ability to listen to extracted chordsor beat paternscan

provideingghtstha areimposible to achieve jug by looking at numbers or graphs

Since thebeginning, amajor decision was to provide MARSYAS as free software unde
the GNU public license (GPL). Some of the common motivationsand reasonsbehind free
software in general are: 1) freedomto modfy the software to suit the needs of individud
users 2) better qudity by having many people working and looking at the source code3)
suppot for multiple opeating systems and porting by the ability to changethe code
appropriately 4) easier adopionfower cos compared to proprietary software. In addition
to these motivationsthere are additiond specific motivationsbehind free software when
itisused inresearch. These indude 1) source code is a meansof communication. Thisis
especially important in research where publications can not possibly describeall the
nuances and details of how an algarithmis implemented, 2) replication of experimentsis
essential for progressin research especially in new emerging areas such as MIR. For
complex systems and algorithmsit is amog impossible to know if areimplementationis

correct and therefore the ability to runtheorigind codeis crudal, 3) researche's have



limited finandal resources and therefore making the software free encourages adopion.
One of the common objectionsto free software iswhy should someoneinvest al this
time and effort into building something and then give it away for free. Mog academics
are comfortable with thisidea as they do so with publications reviewing and other
activities. Even thoughmany of these activities might not have direct finandal reward
they are part of theresponsbilities of any academic. In addition there are indirect benefits
with developing research software such as peer recognition, oppatunities for
collaboration and internationd visibility. Findly aswill be described in more detailed in
the section aboutprojectsit is possible to use free software developead in academiain

indudrial settingsand receive money for it.

A frequent dilemmafacing graduae students and researchers is whether to build ther
own tools or use existing ones. This decision frequently involves a tradeoff between short
and longtime investment. For example usng a combination of existing tools a paticular
task might be accomplished in 1 hour. By spending aweek writing your own tool the task
might beaccomplished in 1 minute. Whether programming for aweek isworth the
trouble isatoughquestion. Even thowghit isimpaossible to provide a definite ansver we
discuss how our experiences with MARSYAS can inform this choice. If thetask at hand
can take hours, as MIR algorithms frequently do, runtime performance becomes a critical
issuetha can affect research. For example, if an experiment tha used to take 5 hours
takes 10 minutes it can be executed multiple times with different parameters to find the
best choice. Programmingis avery time conauming task so choosng to build your own

tools works best if you have alarge enoughtimeframe to do it. For example a PhD



student has a better chance at completing a significant software framework than a
Masters student pressed for time. A suppotive advisor is also important and the best way
to achieve thisisto provideearlier proof that the time you spend developing software
pays off in terms of research results. Findly an important consderationis tha the
development of the software framework itself especially in emerging applicationssuch as
MIR isresearch in itself. MARSYAS has been used atest bed for many ideas in Software
Engineering and Computer Science tha arise based on the paticular characteristics and

condraints of audio processing.

MARSYAS can beobtained from http://marsyas.sourceforgend. It iswritten in portable

C++ (asmuch as possible) and it compilesin Linux, OS X, Cygwin, and Windows Visud
Studio 2003and 2005.Subveasionis used for version control and thelatest ungable

source codecan be obtained from thewebpage
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Figure 1: Audio feature extraction, ssgmentation and classification

Requirements

The canonical application of MARSY AS is audio feature extraction (Tzanetakis and
Cook, 2002)which forms the basis of many MIR agorthms such as classification,

segmentation, and similarity retrieval. Figure 1 shows a schematic diagram of audio

feature extraction and how it can
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Figure 2: Frequency and time summarizationin feature extraction



be used for segmentation and classification. Theaudio signd is broken into small dlices
and by performing some form of frequency andysis such as the Discrete Fourier
Trandorm followed by a summarization step a set numbers (thefeature vector) is
calculated. Thefeature vector attempts to summarize/capture the content information of
tha short diceintime. A piece of mudc can then berepresented as a sequence of feature
vectors. By detecting abrupt changes in thetrgjectory of the feature vectors segmentation
can be performed and by detecting regionsin feature space classification can be
performed. Mog audio features are extracted in three stages: 1) spectrum calculation, 2)
frequency-domain summarization 3) time-domain summarization. In spectrum
calculation, a short-time dice (typicaly around10to 40 millisecond9 of waveform
samplesistrandormed to afrequency domain representation. The mos common such
trandormation is the Short Time Fourier Trangdorm (STFT). During each short-time slice
thesignd is assumed to be approximately stationay and is windowed to reduce the effect
of discontinuities at thestart and end of the frame. This frequency domain trangormation
preserves al theinformationin thesignd and therefore theresulting spectrum has high
dimensondity. For andysis purposes, it is necessary to find amore succinct description
that has significantly lower dimensondity while still retaining the desired content
information. Frequency domain summarization converts the high dimensond spectrum
(typically 512 or 1024coefficients) to asmaller set of numbe features (typically 10-30).
A common approach isto use variousdescriptors of the spectrum shgpe such asthe
Spectral Centroid and Bandwidth. Another widdy used frequency domain spectrum

summarizationis Mel-Frequency Cepdral Codficients (MFCCs) which originated from



speech and spesaker recognition. Thegod of time domain summarizationisto
characterize themuscal signd at alonge time scale than the short-time andysis dlices.
Typically this summarization is performed across so called QextureOwindows of
approximately 2-3 secondsor it can be also performed over theentire piece of musc.
Figure 2 shows graphically frequency and time summarization. Later in this chgpter we

show how this process can berepresented in MARSYAS.

MARSYAS 0.1 mainly suppoted audio anadysis. One of the main motivationsbehind the
redesignirewrite of version 0.2 was thedesire to also suppot audio synthesis. Even
thoughnotimmediately obvious audio synthesis can bevery useful in MIR systems and
applications For example while researching an algorithm for drum transcriptionit is very
useful to be able to hear are-synthesized soundcontainsonly drum sounds Listeningto
theresult can reveal information that maybe hard to obtain from plots or jus numeric
results. Similarly synthesizing theresult of pitch extraction can be very informative about
thenaure of pitch errors. Althoughit is possible to use a variety of different tools for

these puposes having them all integrated unde one system can be very hdpful.

Thecentral chdlengein thedesign of an audio processing framework istheneed for very
efficient runime performance while retaining expressivity. Frequently audio researchers
are faced with ahard dilemma. They can use interpreted programming environments such
as MATLAB tha providealot of necessary components but are not as efficient as
compiled codeor write codefrom scratch which requires a significant investment of time

judt to build the necessary infrastructure. MARSYAS attempts to bdance these two



extremes. Aswill bedescribed later in this chgpter alot of flexibility and fundiondity is
provided at run-time. For example theuser can easily created complicated networks of
processing objects and control them withou recompiling code However theresulting
system is still very efficient asit relies on compiled code Theonly time tha code

recompilationis required is when new processing objects need to bewritten.

Two other important requirements for a successful audio framework are interopeability
and portability. Mog researchers utilize alarge ecology of different tools to accomplish
thar task. To beuseful aframework mug provides ways to communicate with other
tools. For example MARSYAS provides avariety of tools for communicating with specific
programs such as WEKA (for machinelearning) and MATLAB (for numerical
calculation) as well as general ways for communication with graphical user interfaces.
Portability is also very important as opeating systems and hardware changeall thetime.
For example initially MARSYAS was developed on SGI machines running IRIX which is

not suppoted any more but OS X which didn®exist at thetime is suppoted now.

These requirements make developing of audio processing frameworks chalenging.
However there are some characteristics of audio that can hdp thedesigne. Audio
processing has a strongnotion of time. Thereis acondant flow of data throughthe
system. In mog cases thereislittle need for complicated dependendes between

processing chunksof daa. Therefore for a specific applicationit isrelatively easy to



create efficient codewith afixed memory footprint. With alittle bit more work it is
possible to generalize the process so that mos audio applicationscan be expressed easily

withoutsacrificing run-time performance.

In thefollowing sectionswe describethe genera architecture of MARSYAS and how
these requirements are addressed by specific design decisonsand concepts. We bdieve
tha many of these concernsand thar solutionsare relevant notonly to programmers and

users of MARSY AS but develope's of any MIR software system.

Architecture

Dataflow programming is based on theidea of expressing computation as a network of
processing nodes/'components connected by a nunber arcs/communication channds.
Computer Musgc is possibly oneof themod successful application areas for the dataflow
programming paradigm. Theoriginsof thisidea can possibly betraced to the physcal re-
wiring (paching) employed for changing soundcharacteristics in early modular anaog

synthesizers.

Expressing audio processing systems as daaflow networks has severa advantages. The
programmer can provide a declarative specification of wha needsto be computer without
having to worry aboutthelow level implementation details of howit is computed. The
resulting codecan bevery efficient and have a smal memory footprint as daa just

GlowsOthroughthe network withouthaving complicated dependendes. In addition,



dataflow approaches are particularly suited for visud programming. Oneof theinitial
motivationsfor daaflow ideas was the exploitation of parallel hardware and therefore

dataflow systems are particularly goodfor parallel and distributed computation.

Themain god of MARSYAS isto providea general, extengble and flexible framework
that enables experimentation with algorithms and provides thefast peformance
necessary for developing real-time audio andysis and synthesis tools. A variety of
existing building blocks tha form the basis of many published algorithms are provided as
dataflow components tha can be composed to form more complicated algorithms (black-
box fundiondity). In addition, it is straightforward to extend the framework with new

building blocks (white-box fundiondity).

In MARSYAS terminology the processing nodes of the daaflow network are called
MarSystems and provide the basic components out of which more complicated networks
are congructed. Essentially any audio processing algorithm can be expressed as alarge
composte MarSystem which is assembled by appropriately connested basic MarSystems.

Some representative MarSystems provided are thefollowing:

¥ InputOutput (Sources and Sinks)
o SoundFklel/O for.wav, .au, .mp3and.oggfiles
o Real-timeaudio 1/0 usng RtAudio []
o Matlab, Weka, Octave I/O

¥ Feature Extraction



o Short-Time Fourier Trandorm (STFT)
o Discrete-Wavelet Trandorm  (DWT)
o Centroid, Rolloff, Flux, Contrast
o Meé-frequency Cepdral Coefficients (MFCC)
o Auditory Filterbanks
¥ Synthesis
o Wavetable synthesis
o FM synthesis
o Phasevoocode
¥ MachineLearning
o Gaussian Mixture Modds (GMM)
o K-Nearest Neighbor
o Prindpd Component Andysis
o K-MeansClugering

o Suppot Vector Machine (SVM)

In additionto bang able to process daa MarSystems need additiond information tha can
changether fundiondity while they are running (processing daa). For example a
SoundFileSource needsthe name of the soundfileto be opened and a Gain can be
adjuged while daais flowing through Thisis achieved by a separate message passing
mechanism. Therefore, smilarly to CLAM (Amatriain, 2005) MARSYAS makes a clear
distinction between data-flow which is synchronows and control flow which is

asynchronous Because MarSystems can be assembled hierarchically the control



mechanism utilizes a path notation similar to OSC (Wright and Freed, 1997) For
example Series/playbacknet/Gain/gl/mrs_real/gain isthe control name for accessing the
gain control of a Gain MarSystem named g1 in a Series composte named playbacknet. A
mechanism for linking top-level controls (with shorter names that act as aliases) to the
longe full pah control names is provided. For example asingle gan control at thetop-
level can belinked to thegan controls of 20 ocillators in a synthesisingrument. Tha
way, oneto-many mappingscan be achieved in asmilar way to theuse of regular

expressionsin OSC (Wrightand Freed, 1997)

Dataflow in Marsyas is synchronouswhich meanstha at every QickOa specific slice of
datais propagated across the entire dataflow network. This eliminaes the need for quaues
between processing nodes and enables the use of shared buffers which improves
performance. Thisis similar to theway Unix pipes are implemented but with audio

specific semantics (see section on Implicit Patching).

Oneof themod useful characteristics of MarSystems iSthat they can beingantiated at

run-time. Because they are hierarchically composble that meanstha any complicated

audio computation expressed as a daaflow nework can beingantiated at run-time. For
example multiple ingances of any complicated network can be created as easily asthe

basic primitive MarSystems. Thisis accomplished by usng a combinaion of the

Prototype and Composite design paterns (Gammaet al., 1995)

Projects



MARSYAS has been used for avariety of projects both in academia and indugry. In this
section we briefly describe some specific representative examples. Thelist isby no
means exhaugive. An open source framework enables collaboration possibilities. Two
research publicationsthat resulted from such collaborationsare (Lippenset a, 2004) (Li
and Tzanetakis, 2003) Musicream isanew musc playback interface for streaming,
sticking, sorting and recalling muscal pieces tha uses MARSYAS for calculating features
and content-based audio similarity (Goto and Goto, 2005) The SndT ools software aso

us=s MARSY AS unde thegraphical user interface (Misra et al, 2005)

In indugry MARSY AS has been to design and prototype the audio fingeprinting

software used by Moodlogic Inc. (http://moodlogic.com). After thefingeaprinting was

designal and evaluaion experiments were conduded usng MARSY AS anew
proprietary source codejus for thefingaprinting was written for the actud working
produd. This method of usng research free software framework for prototyping and then
providing afull proprietary rewrite is oneposibility of how academic free software and
indugry can co-exist. Another possibility isthe gende (male/female) voice detection

scheme developed for Teligence Communications Inc (http://www.teligence.net/) usng

MARSYAS. In tha case the developal softwareis part of thefree software distribution.
However it is based on machinelearning and requires training daa that is not publicly
available and bdongto Teligence Communications Inc. Asthecompany ismainly
concerned in ugng thetod interndly everythingwork out ok for both parties. In bath of
these indudria collaborationsit would have been possible for the company to jus

develop the software onther own. However by collaborating and paying the companies



bendit fromfast turnaroundand experienced knowledgeand the free software authors
bendit from conaulting payments. We hopetha these strategies might provide some
information abouthow indugrial collaborationswith academic free software projects can

be established.

Specific Topics

In this section we discuss in more detail some specific topics tha we bdieve are

paticularly interesting to thedesigne of audio processing frameworks.

Implicit Patching

Thebasic idea benhind Implicit Patching (Bray and Tzanetakis, 2005)isto use object
compostion rather than explicitly specifying connestionsbeween inputand output ports
in order to congruct the dataflow network. For example thefollowing pseudo-code
example (Figure 3) illudrates the difference between Explicit and Implicit Patching in a

simple playback network.



#EXPLICT PATCHING

create source, gan, dest

# conrect theappropriate in/out ports
conrect(source.outl, gan.inl),

connect(gain.outl, dest.inl);

#MPLICIT PATCHING

create source, gan, dest

#aeate acomposite that is the network

create series(source, gain, dest)

Figure 3: Explicit and Implicit Patching

Theideaof Implicit Patching evolved fromtheintegration if three different ideas tha
were developad indgpendently in previousversions of MARSYAS. These threeideas and
how they are integrated are described bdow. In addition, examplesillugrating the

expressive power of Implicit Patching are presented.




Thefirst ideaoriginated from thedesire not to be condrained to fixed buffer sizes and to
have propea semantics for spectral data. The mgjority of existing audio processing
environments require that all processing objectsin aflow nework/visud pach, process
fixed buffers of audio samples (typical numbers are 64 and 128 samples). Having fixed
buffers smplifies memory management and paching as all connectionsare treated the
same way. However, some applicationslike audio feature extraction require avariety of
different buffer sizes to flow throughthe nework (for example feature vectors typically
have much lower dimensondity than audio data). Even thoughit is possible to have
dynamic buffer sizesin Explicit Patching it is complex to implement and frequently
requires alot of work fromthe programmer to appropriately set theconnections In
addition, these fixed-sized buffers are reused for holding spectral daaandit isupto the
programmer to correctly connect the spectral datato objects tha process such daa. The
result isthat theexact details of the Short-Time Fourier Trandorm are encapaulated as a
black box and the programmer has little control over the process. Our proposd solution
to these two problemsisto extend the semantics of thedaathat is processed. In
MARSYAS, processing objects (MarSystems) opaate on chunksof daa called Slices.
Slices are matrices of floaing point numbers characterized by three paameters. number
of samples (thingstha are OneasuredOat different ingancesin time), number of
observations(thingsthat are OneasuredOat the same time ingtance) and sampling rate.
This approach is similar to the SoundDescription InterchangeFormat (SDIF) (Schwarz

and Wright, 1997)
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Figure 4: MarSystem and corresponding slices for spectral processing

Figure 4 shows a MarSystem for spectral processing that convets an incoming audio
buffer of 512samples of 1 observation at a sampling rate of 22050Hz to 1 sample of 512
obsrvations(the FFT bing) at alower sampling rate of 22050612Hz. By propagaing
information aboutthe sampling rate and number of observationsthroughthedataflow
network, theuse of Slices provides more correct and flexible semantics for spectral
processing and feature extraction. MarSystems are designad so that they can handle Slices
with arbitrary dimengonswith oneimportant condraint: they need to beable to calculate
thar output Slice parametersfrom ther inputSlice parameters. For exampleit ispossible
to changetheinputnumber of samples to the MarSystem to shown in Figure 4 to 1024
and the MarSystem will automatically determinethat the number of observationsof the

output Slice isalso 1024



Thesecond mgjor ideabehind Implicit Patching istheuse of the Composte design
patern (Gammaet a., 1999 as a mechanism for condructing daaflow networks. The
extendad semantics of Slices require careful manipulation of buffer sizes especially if
run-time changes are desired. Themog important composte is Series which connects a
list of MarSystems in series so that the output of the first onebecomes theinputto the
secondetc. (similarly to UNIX pipes). The pseudo-codein Figure 3 uses a Series
composte. Initially compostes were used as programming shortcut. However, gradudly
we discovered that they offer many advantages and we decided to make them themain
mechanism for condructing complicated MarSystems out of Ssmpler ones. Ther
advantages indudehierarchical encapaulation, automatic dynamic handling of all internd
buffers, and runtime ingantiation. More specifically, any dataflow network, no matter
how complicated, is represented as a single MarSystem tha is hierarchically composed of
smpler MarSystems. Multiple indance of any MarSystem can beingantiated at run-time

and all internd patching and memory handlingis encapsulated.

Thethird ideawas the unification of Sources and Sinks as regular MarSystems tha have
both inputand output Sources are processing objects tha have only output and Sinks
only haveinput In order to beable to use them as any MarSystem we extend them in the
following way: Sources mix ther outputwith ther inputand Sinks propagate ther input
to ther output while at the same time playinghvriting ther inputas a side-effect. This
way, for example, onecan connect a SoundFileSink to an AudioSink in series and the daa
will bewritten both to a soundfile and played usng the audio device. Basically this way

both Sources and Sinks can be used anywhere ingde a network.



Implicit Patching is madefeasible by theintegration of these three ideas. In this
approach, each MarSystem has only oneinputport and oneoutput port and
conuumes/produces only onetoken. However because of the extended semantics of Slices
onecan essentially have multiple input/output ports (as observationsg and
consume/produce multiple tokens (as samples). This enables nontrivial Composites such
as Fanout to be created. The expressive power of compostionisincareased and alarge
variety of complex daaflow networks can be expressed only usng object compostion
and therefore no Explicit Patching. Another side benefit of Implicit Patching istha it

enforces the creation of trees and therefore avoids problems with cyclesin the dataflow

graph.

Figure 5 shows how a Series Composite conssting of a SoundFileSource src, Gain g, and
AudioSink dest can beassembled in C++. At every iteration of thelooptheaudio rateis
incremented starting from 1 sample (smilar to Chuck or STK) untl theblock size of
1000samplesisreached. All theintermediate shared buffers between the MarSystems are
adjuged automatically and the soundplays withou interruption. Even thowgh this
example might seem artificial theneed for dynamically adjusing window sizes occurs

frequently in audio anaysis for example in pitch-synchronousoverlap-add (PSOLA).



MarSystem* net = mng.create(CSeriesQ hetQ;
net->addM arSy stem(src);
net->addMarSy stem(g);

net->addM arSy stem(dest);

for (int i=1; i<100Q i++)
{
net->updctrl(natural/inSamplesQ i);

net->tick();

Figure 5: Dynamic adjuging of andysis windowsize




Fanout

Figure 6: Fanout Composte
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Figure 7: Fanout Composte with Implicit Patching (left) and Explicit Patching (right)

To illudrate this approach, consder the Fanout Composite which takes asinputadice
andisbuild fromalist of MarSystems. TheinputSlice is shared asinputto all each
internd MarSystem and thar outputs are stacked as observationsin the output Slice of the
Fanout. For example afilterbank can beeasily implemented as a Fanout where each

filter isan internd component MarSystem. Thefilterbank will take asinpu adice of N
samples by 1 observationsand write to an output slice of N samples by M observations
whee M isthenunber of filters. Because theinna loopsof MarSystems iterate over
both samples and observationsif we connect thefilterbank with a Normalize MarSystem

each row of samples corresponding to a particular observation (each channd of the



filterbank) will benomalized accordingly. This can bevery handyin largefilterbanksas
the part of the network after thefilterbank doesn®need to know how many filter outputs
are produced. Thisinformationis taken implicitly from thenumber of observations
Figure 6 shows graphically how Slices are used in Fanout. Thedotted lines show the
paching tha is doneimplicitely by the Fanout. The black arrows show themain flow
created implicitely by a Series Composite. In condrast, in environments with explicit
paching such as Max/M SP each connection between thefilters of thefilterbank and the
inputwould have to be created by the user. Figure 7 shows the difference between
Implicit Patching (Ieft) where the dotted lines are created automatically fromthe
semantics of Compostes, and Explicit Patching (right) where each connection mug be
created separately. Even thoudh environments such as Max/MSP or PD provide sub-

paching, theburden of internd pachingisstill ontheuser.



Figure 8: Artificial Neural Network layer usng the Fanout Composte

We condudethis section with anontrivial example illugrating the expressive power of
Implicit Patching. Figure 8 shows how alayer of nodesin an Artificial Neural Network
(ANN) can be expressed usng a Fanout. Theinputto thelayer (the outputof the
previouslayer) conssts of 4 nunmber Xy, X,, X3, Xs. These 4 numbers (observationg based
on the Fanout semantics become theinputto each individud neuron (N;) of thelayer.
Each neuronforms aweighted sum (with weights specific to each neuron) of theinput
applies asigmoid fundionto the sum and outputs a single output The outputs usng the

Fanout semantics are stacked as observationsy;, Y», Yz (onefor each neuron) ready for



processing for the next layer. Figure 8 illudrates this process graphically (left sde) and
confrasts it with Explicit Patching (rightside). In MARSYAS, creatingan ANN usng an
AnnNode MarSystem isSimply a Series of Fanout of AnnNodes. More specifically
seriesNet(fanout_ayerl, fanout_ayer2, E, fanoutayerM) where
fanout_ayerl(annNodel1, annNodel 2, E ,annNodelN). All the connestionsare created

implicitly.
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Figure 9: Mudc/Speech classification as a daaflow network in MARSYAS

Figure 9 shows a daaflow network for extracting audio feature for real-time
musg c/speech classification. Series connectionsare top to botom and Fanout connections

are shown by horizontal forking. For example theoutput of the Spectrum calculationis



used as inputto the Centroid, Rolloff and Flux MarSystems. Theinputto texture memory
is4 observations(thefeatures) by 1 sample and the outputis 4 observationsby 40
samples conssting of thelast 40 feature vectors (approximately correspondngto 1
second). Meansand variances of the feature vectors over thetexture windoware
calculated and theinputto the classifier is a 8-dimensond feature vector (4 meansand 4
vairances). Theentire nework can be created at run-time withoutrequiring any code
recompilation. The complete feature extraction front-end described in [Tzanetakis and
Cook, 2002] has been implemented as a dataflow network in MARSYAS in asimilar

fashion.

Flexible Scheduling

Schedulingis central to any computer mudc system. A scheduling request congsts of an
event and atime. Thescheduler keepstrack of pending requests. Computer musc
schedulers use times which are typically references to asingle clock tha correspondsto
real (physcal) time. In additionto actud time, MARSYAS suppotsthenotion of virtud
time which is based directly onthedaa. Thisis especially importantin nonreatime
applications In additionit is often convenient to have atime reference or references that
do not correspondto real time. For example consder scheduling eventsin beatsthat are

defined in relation to tapping a MIDI keyboad to extract beat-synchronousaudio



features. In this section we show how multiple notionsof time and events are suppoted

throughobiject orientationin MARSYAS.

abstract
MarSystem
VScheduler N
VScheduler
Scheduler[ ]
Scheduler[ n ]
1. abstract
abstract Timer - Timer
ScheduledEvent[] 4
SampleCount | " | SystemClock
. /
ScheduledEvent 1 abstract
time — MarEvent
ahstract MarEvent 4
I I l
UpdateControl """ | ApplyExpression

Figure 10: UML class diagram of the MARSYAS scheduler architecture

Each MarSystem has its own Virtual Scheduler tha manages an arbitrary number of
Event Schedulers. Each Event Scheduler containsits own Timer tha controls therate at

which time passes and events are dispached. Schedulers themselves do not keep track of



time but leave thistask solely to the Timer. Structured this way events may be scheduled

to any number of different Timers.

ms : Series VScheduler Scheduler{ n ] SystemTime ScheduledEvent ev : UpdCtrl
H fick( ' H H ' H
. ic H : : . :
L] ;I tICK() I . . " L)
i ——— 3, tick() i i i
! ' :—): ' !
L] L] L) . L] " L]
i ' 1 dispatch() ! : H
: ' : ¢ .I ' :
i : i_ev=getEvent) | ot i
: . . . 7 :
E i i ev.dispatch() i i i
L] [ ] [] [] Ll
. L] L) . " L)
1 : H ' ms.updctriicname value) 1
l‘ " L) . " L)
: ' : : ' !

Figure 11: UML sequence diagram of event dispach

A Timer in MARSYAS is any object that can read from atime source and trigge's some
actiononeach tick. A Timer mug also provide some way to specify units of timeinits
time base. Theonerestrictionin atime source isthat time mug aways advance. Timers
are definable by the user provided they suppot the AbstractTimer interface. Theinterface
requires specification of thefollowing: a methodfor deermining theinterval of time
since thelast reading, amethodfor compaing time intervals for tha paticular Timer, a
trigge methodwhich calls the Scheduler dispatch, and a methodfor conveatingtime

representationsto the specific notion of time used by the Timer. This generalization of



Timers allows for many different possibilitiesin controlling event scheduling. Linear and

nontlinear advanang are both possible.

Events are user definable actionstha are GrozenQuntil dispached. They are distinct
fromthenomal flow of audio daa. There are norestrictionson thetypes of Events tha
can bedefined. Perhgpsthe mog common event isupdaing a MarSystem control (for
example creating a new file with feature every 1 minute). Another example isthe QuireO
event which upddes thevalue of a control based on thevalue of another control (similar
to acontrol wirein Max/MSP, PD). Events mug supply a dispaich() methodthat the
Scheduler tha the Scheduler can call at theappropriate time. Events may take place
immediately or sometime in thefuture. Thetime a which an Event hgppensmay be
specified by theuser and degpendson the Timer tha the requested time is with respect to
(for example the user might specify tha an Event should hgppen after 4 beatsusng a
tempo-based Timer or 3 secondsusng atime-based Timer). The Event isthen sent to the
scheduler and removed when itstime interval has passed. The Scheduler then calsthe

dispach() methodonthe event.

Figure 10 shows a UML class diagram of the scheduling architecture. Notice how
multiple, user-defined Timers and Events can besuppoted by abdraction and are
decoupled from the Scheduler. The UML sequence diagram of Figure 11 showstheorder
of method calls between objects for performing a control updde (a specific kind of

Event).



Marsyas Scripting Language

Seriesnet is [
Fanou mix is [ SineSource srcl,
SineSource src2 |,
Sum sum,

AudioSink dac

do [ (Math.rand() * 10000)100=> net/mix/src/frequency

] every 2bests using TempoTimer

do [ (net/mix/src2/frequency + 400)% 10000

=> net/mix/src2/frequency

] every 0.5susing SystemTimer

run N run

Figure 12: MSL codeexample




MSL isascripting languayefor building and controlling MarSystem networks at runtime.
It ismore accessible and readable than writing raw C++ code Essentially theinterpreter
trandates MSL codeinto the corresponding C++ Marsyas codeand then executesit.
Lexical andysis (or scanning) is performed usng the Flex scanna generator, and pasing
performed usng the Bison parser generator 2. Theoutput of the parsing stage from Bison
isan abdract syntax tree representation of theMSL script, which isthen traversed to
generate and execute the equivalent Marsyas C++ code The QloQcondruct alows
multiple events to bescheduled at particular timesbased ona Timer. Figure XXX shows
amore complicated example with two voice polyphonyusng a Fanoutcomposte. Two
sineo<tillators are controlled by separate timers one based on SystemTimer and the other

based on TempoTimer which is based on MIDI input

Distributed audio processing

One of themog important chdlenges facing MIR of audio signdsis scaling algorithms
to large collections Typically, andysis of audio signds utilizes sophisticated signd

processing and machinelearning techniques tha require significant computationd



resources. Processing time isamajor bottleneck. For example, the number of pieces
utilized in themajority of existing work in audio MIR is at mog afew thousnd files.
Computing audio features over thousndsof files can sometimes take days of processing.
Thedataflow architecture of MARSY AS facilitates partitioning of audio computations
ove multiple computers. Using adeclarative dataflow specification approach the
programmer can distribute audio anadysis algornthms with minimum effort. In contrast,
distributing traditiond sequential programs places a significant burden to the programmer
who has to decide which parts of the codecan be parallelized and dedl with load

distribution, scheduling, synchronization and communication.

There are two standad data communication protocols used on the Interne: trangmission
control protocol (TCP), and user datagram protocol (UDP). TCP provides reliability
mechanisms to ensure that all packets are received exactly in the order they are sent; on
the other hand, UDP provides no such mechanisms butis significantly faster dueto less
overhead. UDP istherefore the protocol of choice for real-time streaming applications

where dataistime critical.

MARSYAS suppots both the UDP and TCP protocols. IN order to send data to another
machine, a NetworkSink MarSystem is simply inserted somewhere in the GlowQOof a
Composite MarSystem. In order to receive daa a NetworkSource MarSystem isinserted.
Control flow and daa flow are managed separately so tha controls can be changed from

thesende and propagate throughthe system. Theideais that the user can opeate severa



QvorkerOmachines and the view of thedistributed system is absracted as onelarge

Composite MarSystem.

For the experiments described in this section a feature vector congsting the meansand
variances of smoothed Mel-Frequency Cepdral Coefficients (MFCC) aswell as STFT-
based features such as spectral centroid and rolloff was used. The daa congsts of 30-
second audio clipsand a single 35-dimensond feature vector is calculated for each clip.
Theactud audio waveform samples are tranamitted over the network corresponding to a
scenario where al theaudio files reside on a single machine but multiple processing
machines are available (for example the computer of alab during nighttime). The
expeimentation was doneon a 100Base-T Ethernet local area network of Apple G5

computers,

In the described experiments a dispacher node(computer) sendsseparate audio clips
from an audio collectionto each worker nodein the network. The job of aworker nodeis
to simply calculate features for each clip it receives and then send theresultsto a
collector process (possibly running on the same machine as the dispacher) tha gahers
theresults. Theaudio collection was partitional into sub-collectionswhich were sent to
each worker. All theaudio clipsare stored on thedispacher. We foundtha the optimal
number of worker nodes in this modd was three, after which there was no time ben€fit of
usng extramachines. Infact, it was cogly to add any more than five worker nodes dueto

thenework capecity of thedispacher collector. The use of multiple dispachersin



hierarchical fashion can improveresults. More details can befoundin [Bray and

Tzanetakis, 2005b]

Table 1 shows results of usng the collection dispacher modd, usng up to fiver worker

nodes and audio collectionsof upto 10,000files. Theformat is hours:minutes:seconds.

TABLE 1: Parellelization results for Collection Dispatcher

10 100 1000 10000
Local 00:05 00:58 09:39 1:36:49
1W 00:07 01:10 11:48 1:58:49
2W 00:03 00:38 06:01 1:10:46
3w 00:04 00:34 0549 5946
4W 00:03 00:34 05:52 1:04:56
SW 00:04 00:36 0554 1:08:36

The problem with the collection dispacher approach is tha some nodes may complete
processing thefeatures of thar respective submllection before other's and have to sit idle.
Thusthetimeit takes to process the entire collection is dependent on the slowest nodein
the system. In order to alleviate this problem and make sure of idle nodes, an adgptive
approach is used where the dispacher sendsdaa as necessary to each worker. Tha way,
each nodein the system isworking untl the dispacher has finished processing thefiles

in thecollection. Table 2 shows theincarease in paformance based on this approach.




TABLE 2: Pardlldizationresults for Adaptive Dispacher

10 100 1000 10000
Local 00:05 00:58 09:39 1:36:49
1W 00:07 01:10 11:48 1:58:49
2W 00:04 00:40 06:21 1:02
3w 00:03 00:33 05:33 5710
4W 00:03 00:31 05:24 54:20
5w 00:03 00:31 05:25 54:15

Typically feature extraction tests run on audio collectionsof around10,000files. Based
onour results we expect alinear trend as collection size increases. To test tha hypothesis
alargescale test uang the data-partitioning modd (two dispachers with hdf the audio
data each) with the adgptive dispatcher was conduded on 100000files. As expected, it
took approximately ten times the amountof time to complete the 100000clip test asit
took to complete the 10,000file test (5:00:44). Experimental results showtha usng 5
computers we can perform audio feature extraction for 10000030-secondclipsin 5

hours.




Conclusions and Future Work

In this chapter we described MARSY AS afree software framework for audio application
with specific emphasis on MIR. We showed how MARSYAS addresses some of the
requirements and chdlenges facing the designe of audio processing frameworks. It is our
hopetha theideas and conaepts presented in this chgpter can be applied to other MIR
software frameworks and tools. Asageneral conduson daaflow architectures can hdp
express easily complicated processing structures while retaining efficiency and being
easy to paalelize. Findly the development of free software in an academic settingis not
only possible but has many ben€fits such asincarease in visibility, collaboration

oppotunities, communication and even mondary rewards

MARSYAS s an on-going project and therefore there are aways many directionsof
future work. In addition to obviousdirectionssuch as expanding the number of building
blodcks provided by theframework and improving reliability and peformance therea
number of more large scale initiative. A largeeffort is undeway to build avisud
paching environment and alibrary for creating widges and audio processing graphical
user interfaces (GUIs). Another initiative isto port MARSYAS to the Java programming
languaye (the previousversion 0.1 was partly ported). A moreradical complete redesign
and implementation is undeway in thefundiond programming languaye OCAML.
Audio programmingin general provides arich fertile areafor ideasin Software
Engineering as it combines many interesting areas such as digital signd processing,

machinelearning, efficient numerical processing, and interactivity.



Acknowledgments

There are many individuds tha have hdped in one way or another with the design and
development of Marsyas. These indude in no particular order: Luis Gugavo Martins
Jennifer Murdodh, Start Bray, Neil Burroughs Adam Tindde, Adam Parkin, Ajay Kapur,
Manj Benniing, Douglas Turnbul, George Tourtellot, Taras Glek, Ari Lazier, Andreye

Ermolinskyi, CarlosCadtillo, Perry Cook, and Malcolm Slaney.

References

Internaiond Conferences on Musc Information Retrieval, http://www.ismir.net

Amatriain, X. (2009, OAn Object-Oriented Metamodd for Digital Signd Processing

with a Focuson Audio and Music,OPhD. Dissertation, Univ. of Pompeu Fabra, Span.

Bray, S. and Tzandakis, G. (20053, Qmplicit Patching for Dataflow-Based Audio

Andysis and Syntehds,Oin Proc. Int. Computer Music Conf. (ICMC).



Bray, S. and Tzandakis, G. (2005b) Mistributed Audio Feature Extraction for Music,0

in Proc. Int. Conf. on Music Information Retrieval (ISMIR).

Burroughs N., Parkin, A., and Tzanetakis, G. (2006), OFlexible Scheduling for DataFlow

Audio Processing Oin Proc. Int. Computer Music Conf. (ICMC), New Orleans, USA.

Cook, P., and Scavong G. (1999 (Orhe Synthesis Toolkit (STK) version 2.1,0in Proc.

Int. Computer Music Conf (ICMC), Beijing, China

Dannengeg, R., and Brandt, E. (1996) O\ flexible real-time software synthesis system,O

in Proc. Int. Computer Music Conf. (ICMC), pp. 270-273.

Downie, S.J. and Futrelle, J. (2005) Orerascale music mining,Oin Proc. ACM/IEEE
Supea Computing Conference, 2005.

Futrelle, J. and Downie, S. J. (2002) Onterdisciplinary Communities and Research
Issues in Music Information Retrieval,O in Proc. Int. Conf. on Music Information

Retrieval (ISMIR), Paris, France, pp. 215221

Gamma, E., Helm, R., John®n, R., and Vlissdes, J. (1995)Design Patterns Elements of

Reusable Object-Oriented Software, Addison Wesley.



Goto and Goto (2005 Muscream: New Musc Playback Interface for Streaming,
Sticking, Sorting and Recalling Musical PiecesOIn Proc. Int. Conf. on Music Information

Retrieval (ISMIR), London,UK.

Lippens S. et a. (2004) "A Comparison of Human and Automatic Mudcal Genre
Classification" In Proc. IEEE Int. Conf. on Audio, Speech and Signal Processing

Montreal, Canada
Li, T. and Tzangakis, G. (2003)"Factors in Automatic Mugcal Genre Classification of
Audio Signds' In Proc. IEEE Workshop on Applications of Signal Processing to Audio

and Acoustics (WASPAA) New Paltz, NY.

Manulescu, D.A. (1997) O\ daaflow patern languaye Oin Proc. Pattern Languages of

Programming, Monticello, Illinois.

Misra, A., Wang, G. and Cook, P. (2005, GBndTools; Real-Time Audio DSP and 3D

VisudizationOin Proc. Int. Computer Music Conference (ICMC), Barcelong Span.

Puckette, M., (2002, Max at seventeen, OComputer Music Journal, vol. 26(4).

Schwarz, D. and Wright, M. (2000) (Extensons and Applications of the SDIF sound

description interchangeformat,Oin Proc. Int. Computer Music Conf (ICMC).



Scheirer, E. and Slaney, M. (1997) GCongruction and evaluaion of a robug multi-
feature musc/speech discriminaorO IEEE Int. Conf. on Audio, Speech and Signd

Processing (ICASSP).

Tzandakis, G. and Cook, P. (2000) "MARSYAS: A Framework for Audio Andyss'

Organized Sound, Cambridge University Press 4(3).

Tzanetakis,G. and Cook, P. (2002) QMusca Genre Classification of Audio Signds,O

IEEE Trans. on Speech and Audio Processing, vol 10(5).

Wang, G., and Cook, P. (2003) GChudk: A concurrent, onthefly audio programming

languaye,Oin Proc. Int. Computer Music Conference. (ICMC), Singaore.

Wright, M. and Freed, A. (1997, (Dpen Sound Control: A new protocol for
communicating with sound synthesizers,Oin Proc. Int. Computer Musc Conf. (ICMC),

Thessaloniki, Greece.

Zicarelli, D. (2002, QHow | learned to love a program tha does nothing,O Computer

Music Journal, vol 26(4), pp. 44-51.



