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ACE COMPONENT

Summary

Introduction

The ACE (Autonomous Classification Engine) compdnisna framework for the use and
optimization of classifiers. It is one of the diéat elements composing jMIR, an open-source
software suite implemented in Java for use in mugarmation retrieval (MIR) research.

Presentation of ACE

The ACE framework experiments a variety of class#fj classifier ensembles and dimensional
reduction techniques. It is designed to facilitatel optimize classification tasks for researchers
in music information research (MIR).

The ACE 1.1 release is a command-line softwaralldivs the user to perform three tasks. The
first one, implemented in the ACEFileConverter slais the translation of ACE XML files in
Weka ARFF files. The second one, implemented inltiseanceLabeller class, is the training of
classifiers using an input training set and thetexny. Finally, the third one, implemented in the
ClassificationTester class, is the classificatibmm input data set using a trained classifier and
taxonomy. The ACE 2.0 is currently being releasadl iboffers a GUI interface to the user.

Limits of existing machine learning frameworks

The ACE implementation is inspired by the weakngsgexisting machine learning frameworks
for pattern recognition in MIR research context @4y et al. 2005).

Firstly, the general frameworks, which were notigiesd specifically for music research, are
compared. A first example is PRTools (Van der Hmijet al. 2004), a MATLAB toolbox. The
problem is that it is dependent of proprietarywafe, and it is not redistributable. The second
one is Weka (Witten and Frank 2000). It is an opeurce software implemented in Java. It fits
most of the objectives drawn by Cory McKay as nsagsfor MIR research. That's why the
ACE engine is based on machine learning algoritinmdemented in Weka. The main issues of
this framework are related to the file format usBlde Weka ARFF format, which is too rigid for
applications in music.

The music dedicated frameworks have also some wesaks. For an example, Marsyas
(Tzanetakis and Cook 1999) can perform classibecatasks but it was designed as a feature
extractor rather than a classification framewonktirermore, it can only perform audio
classification and doesn’t include MIDI functiortgliAnother problem is that it is implemented
in C++ and so has a limited portability compareddwa softwares. Another example is M2K
(Music-to-knowledge), a framework based on D2K (D@n2004). It suffers from license issues
that make it non suitable for a research purpose.

Technical aspects of ACE

In order to have more flexibility with the exhanfjge formats in jMIR, Cory McKay designed a
specific format. It solves the issues related ®@ARFF format. Indeed, these files have some
problematic constraints. For an example, eachrniestaan only be assigned to one class. So it is
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impossible to specify two genres for one singléufiea It is also impossible to keep tracks of the
relations between the samples if they are comiog the same song or the same database. No
hierarchy can be specified between the differdmtl&a These constraints are problematic in the
case of MIR research. The ACE XML file format sabese issues. The choice of XML is due
to the high standardization of the format, andftee that XML files are verbose makes them
easier to use for debugging. Furthermore, the foathaws the storage of metadata to strenghten
the independence between the feature extractiomhe&nclassification. Cory McKay chose to
divide each output in many files, each dedicatea $pecific kind of data (features, feature
definitions, classificatier parameters...).

The ACE framework allows the use of many classitadsification techniques. It includes
feedforward neural networks, support vector mad)jinearest neighbour classifiers, decision
tree classifiers, and bayesian classifiers.

On contrary to the machine learning frameworks, A@glements meta-learning. That means
that it exploits information from classificatioratning to optimize classification. For this
purpose, it combines the answer from several dleason models. This approach has many
advantages (Dietterich 2000). It has an obviousssitaal performance, but it can also
significantly improve the results in the case afdboptima methods, or in the case of non
adapted classifiers. The different methods us&ddk are voting, dynamic selection, stacking,
bagging, and boosting. This last technique andeats/ed version called AdaBoost (Freund and
Schapire 1996) are particularly efficient in expegits.

Another optimization of classification implementiaedACE is the feature dimension reduction. It
applies an iterative evaluation of the feature Wweigy techniques. ACE uses technigues such as
genetic algorithms, principal component analysex search, or forward-backward algorithm.

ACE 2.0 and future work
The ACE 2.0 release implements several improveneartgpared to the previous version.

Firstly, the class architecture was restructuretiexttended to facilitate integration with other
softwares and provide new fonctions for users. Balgo the cross-validation was redesigned.
Formerly, the Weka function was used but now aifipe®CE class implements this
functionality. Thirdly, the ACE XML Zip and Proje&ites were designed to facilitate the use of
related ACE XML files. Finally, the interface wasproved, with a graphical user interface
(GUI) for editing the ACE XML files, and new comndidine arguments.

The future work on ACE is mainly focused on the ptation of its present features. The GUI
would be improved to completely replace the comrareinterface. More classification
algorithms, such as hidden Markov models, or recumeural networks, would be included.
Finally, an important needed feature is the woddldistribution which would improve
computation time.

Conclusion

The ACE framework provides to MIR researchers a-trgendly and very complete software for
classification purposes. It is designed to allow tiser to test his/her own classifiers, classifier
ensembles or data reduction techniques. It encesragperimentation in classification, and
furthermore draws the advantages of some techniofugstimized classification.
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