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.atAbstra
t. This paper reports on a long-term inter-dis
iplinary resear
hproje
t that aims at analysing the 
omplex phenomenon of expressivemusi
 performan
e with ma
hine learning and data mining methods. Thegoals and general resear
h framework of the proje
t are brie
y explained,and then a number of 
hallenges to ma
hine learning (and also to 
om-putational musi
 analysis) are dis
ussed that arise from the 
omplexityand multi-dimensionality of the musi
al phenomenon being studied. Wealso brie
y report on �rst experiments that address some of these issues.1 Introdu
tionThis paper presents a long-term inter-dis
iplinary resear
h proje
t situated atthe interse
tion of musi
ology and Arti�
ial Intelligen
e. The goal is to developand use ma
hine learning and data mining methods to study the 
omplex phe-nomenon of expressive musi
 performan
e (ormusi
al expression, for short). For-mulating formal, quantitative models of expressive performan
e is one of the bigopen resear
h problems in 
ontemporary (empiri
al and 
ognitive) musi
ology.Our proje
t develops a new dire
tion in this �eld: we use indu
tive learning te
h-niques to dis
over general and valid expression prin
iples from (large amountsof) real performan
e data. The proje
t, �nan
ed by a generous resear
h grantby the Austrian Federal Government, started in early 1999 and is intended tolast at least six years. The resear
h is truly inter-dis
iplinary, involving bothmusi
ologists and AI resear
hers. We also expe
t to 
ontribute new results toboth dis
iplines involved, and our �rst experimental results show that this isrealisti
 | for instan
e, in [26℄ both a new, general rule learning algorithm andsome interesting, novel musi
al dis
overies are presented.In re
ent years, there has been an in
reasing number of attempts, in the�eld of empiri
al musi
ology, to formulate quantitative, mathemati
al or 
om-putational models of (aspe
ts of) expressive performan
e (e.g., [1, 12, 13, 16{21℄).This work has produ
ed a wealth of detailed hypotheses and insights, but has of-ten been based on rather limited sets of performan
e data (whi
h were sometimesalso produ
ed under `laboratory 
onditions'). What distinguishes our proje
t isthe use of large amounts of `real-world' data, and the appli
ation of indu
tive



learning methods to dis
over interesting and possibly novel patterns and reg-ularities in the data. In short, we aim at performing the most data-intensiveinvestigations ever done in musi
al expression resear
h.The purpose of the present paper is to give an overview of the proje
t andits 
urrent state, and to dis
uss the 
hallenges that this appli
ation problempresents to ma
hine learning and knowledge dis
overy. In se
tion 2, we explainthe basi
 notions of expressive musi
 performan
e. Se
tion 3 sket
hes the generalresear
h framework of the proje
t and brie
y tou
hes upon the enormous diÆ-
ulties involved in data a
quisition and preparation (an aspe
t often negle
ted inma
hine learning publi
ations). Se
tion 4 looks at the problem from a ma
hinelearning point of view and dis
usses some of the parti
ular 
hallenges posed bythe 
omplex nature of the target phenomenon. Se
tion 5 brie
y summarizes someinteresting results obtained so far and talks about some of our ongoing resear
h.2 Expressive Musi
 Performan
eWhen played exa
tly as notated in the musi
al s
ore, a pie
e of musi
 wouldsound utterly me
hani
al and lifeless; it is both unmusi
al and physi
ally im-possible for a musi
ian to perform a pie
e with perfe
tly 
onstant tempo, evenloudness, et
. What makes a pie
e of musi
 
ome alive (and what makes someperformers famous) is the art of musi
 interpretation, that is, the artist's un-derstanding of the stru
ture and `meaning' of a pie
e of musi
, and his/her(
ons
ious or un
ons
ious) expression of this understanding via expressive per-forman
e: a performer shapes a pie
e by 
ontinuously varying important param-eters like tempo, dynami
s (loudness), arti
ulation, et
., speeding up at somepla
es, slowing down at others, stressing 
ertain notes or passages by variousmeans, and so on. It is this shaping that 
an turn a lifeless pie
e of musi
 into amoving experien
e, and that also makes both the 
omposer's and the performer'sideas 
lear to the listener. What types of parameters are at a performer's disposalpartly depends on the instrument being played, but the most important dimen-sions are tempo and timing, dynami
s (variations in loudness), and arti
ulation(basi
ally, the way su

essive notes are 
onne
ted).Expressive musi
 performan
e plays a 
entral role in our 
urrent musi
al 
ul-ture, and musi
ologists are showing in
reased interest in understanding exa
tlywhat it is that artists do when they play musi
. Are there explainable and quan-ti�able prin
iples that govern expressive performan
e? To what extent and howare `a

eptable' performan
es determined by the (stru
ture of the) musi
? Whatare the 
ognitive prin
iples that govern the produ
tion (in the performer) andthe per
eption (in the listener) of expressive performan
es? And what does thishave to do with how we experien
e musi
?Our proje
t hopes to 
ontribute to answering the �rst two of these questions.We 
olle
t pre
ise measurements of performan
es by skilled musi
ians, and tryto dete
t patterns and regularities (and intelligible 
hara
terizations of these)via indu
tive learning. As we also enable the 
omputer to re
ognize stru
tural



aspe
ts of the musi
, potential relationships between expressive patterns andmusi
al stru
ture should emerge naturally from these investigations.This approa
h is based on earlier work by the author [23, 24℄, where it wasshown that given some knowledge about musi
al stru
ture, a 
omputer 
an in-deed learn general performan
e rules that produ
e rather sensible `interpreta-tions' of musi
al pie
es. The 
entral problem with these early studies was a la
kof real performan
e data (the investigations were based largely on performan
esby the author himself). In our 
urrent work, we go beyond this by working withlarge 
olle
tions of performan
es by skilled musi
ians, re
orded on spe
ial instru-ments (pianos) that pre
isely measure and re
ord ea
h a
tion of the performer.Ideally, we would also like to study the performan
e style of famous artists, onthe basis of, e.g., audio CDs, but that will depend on the availability of 
ompu-tational methods for pre
ise musi
al information extra
tion from audio, whi
his still an open problem in signal pro
essing.3 The Proje
t: A High-level ViewTo give the reader an impression of the 
omplexity of su
h a `real-world' knowl-edge dis
overy proje
t, Fig. 1 sket
hes the overall stru
ture of our approa
h.As explained above, the basi
 goal is to take re
ordings of pie
es as played bymusi
ians, measure the `expressive' aspe
ts (e.g., tempo 
u
tuations) in these,and apply some ma
hine learning algorithms to these measurements in order toindu
e general, predi
tive models of various aspe
ts of expressive performan
e(e.g., a set of 
lassi�
ation or regression rules that predi
t the tempo deviationsa pianist is likely to apply to a given pie
e). These models must then be val-idated, e.g., by 
omparing them to theories in the musi
ologi
al literature, byapplying them to new pie
es and analysing the musi
al quality of the resulting
omputer-generated performan
es, and, of 
ourse, by measuring their general-ization a

ura
y on unseen data. All this is sket
hed in the lower half of Fig.1.However, the story is mu
h more 
omplex. The problems involved in a
quiringand pre-pro
essing the data turned out to be formidable and for
ed us to developa whole range of novel musi
 analysis algorithms. And sin
e we spent so mu
he�ort on these issues, I take the liberty of at least brie
y mentioning them here.3.1 Data A
quisitionThe �rst problem was obtaining high-quality performan
es by human musi
ians(e.g., pianists) in ma
hine-readable form. There are 
urrently no signal pro
ess-ing algorithms that 
an extra
t the pre
ise details of a performan
e from audiosignals, so we 
annot use sound re
ordings (e.g., audio CDs) as a data sour
e.Our 
urrent sour
e of information is the Boesendorfer SE290, a high-
lass 
on
ertgrand piano that pre
isely measures every key, hammer, and pedal movementand re
ords these measurements in a symboli
 form similar to MIDI (though withhigher pre
ision). We did eventually manage to get large sets of performan
esthat had been re
orded on this instrument by a number of ex
ellent pianists.
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Fig. 1. The resear
h framework: a sket
h of data pro
essing/analysis steps.For instan
e, we 
urrently have performan
es of 17 
omplete piano sonatas byW.A. Mozart as played by a highly skilled 
on
ert pianist. This data set 
orre-sponds to some 5 1/2 hours of musi
 and 
ontains around 150.000 notes. We alsohave performan
es, by a famous Russian pianist, of essentially the entire pianoworks by Fr�ed�eri
 Chopin (more than 9 hours of musi
, 300.000 notes, 2 millionpedal measurements). This is a huge amount of data indeed; in fa
t, it is by farthe largest 
olle
tion of detailed performan
e measurements that has ever been
ompiled and studied in expression resear
h.Another line of 
urrent resear
h, whi
h 
annot be dis
ussed here, 
on
ernsthe extra
tion of performan
e information dire
tly from digital audio data, e.g.,audio CDs [9℄ (see top left 
orner in Fig. 1). This will eventually allow us to alsostudy at least 
ertain limited aspe
ts of expression in arbitrary re
ordings byfamous artists.



3.2 Data Prepro
essingPrepro
essing these data to make them usable for analysis and ma
hine learningis a formidable task. What we need is not only the performan
es (i.e., informa-tion about how the notes were played), but also the notated musi
 s
ore (i.e.,information about how the notes `should be' played) and the exa
t note-to-note
orresponden
e between the two. Manually 
oding musi
al s
ores 
onsisting oftens of thousands of notes is not feasible; in order to get at the s
ores, we hadto develop 
omputational methods for extra
ting (re-
onstru
ting) the s
ore in-formation from the expressive performan
es themselves. The result is a wholerange of new algorithms for musi
 analysis problems like beat indu
tion andtempo tra
king i.e., inferring the metri
al stru
ture of the pie
e in the fa
e of(sometimes rather extreme) tempo 
hanges [10, 11℄, quantization, i.e., inferringthe `intended' onset times and durations of notes in the underlying s
ore [2℄, andindu
ing the 
orre
t enharmoni
 spelling of notes (e.g., G℄ vs. A[) [3℄, whi
h isnot merely an aestheti
 issue, but absolutely vital for the 
orre
t interpretationof a musi
al passage.The `raw' s
ore �les extra
ted by these algorithms from the performan
e data(up to now, some 150.000 lines of text) still needed to be manually 
orre
tedand further annotated. And �nally, the resulting s
ore �les were mat
hed, in asemi-automati
 pro
ess, with the performan
e �les to establish the exa
t note-to-note 
orresponden
e; thousands of notes were manually identi�ed and labelledas missing or extraneous (most of these are related to ornaments like trills et
.).From this information we 
ould then �nally 
ompute all the detailed aspe
ts ofa performer's expressive playing (e.g., tempo 
hanges, arti
ulation details et
.)that serve as training data in the indu
tive learning pro
ess.3.3 Enhan
ing the Data: Musi
al Stru
ture AnalysisThe next problem 
on
erns the representation of the musi
. What we are sear
h-ing for are systemati
 
onne
tions between the stru
ture of the musi
 (e.g., har-moni
, metri
al, and phrase stru
ture) and patterns in the performan
es (e.g.,a gradual rise in loudness (
res
endo) over a given phrase). The representationof the musi
al pie
es must therefore be extended with an expli
it des
ription of
ertain stru
tural aspe
ts. Again, a 
omplete manual analysis of a large numberof 
omplex pie
es is infeasible or at least highly impra
ti
al, so there is a needfor 
omputational methods. In the 
ontext of our proje
t, we have developed anumber of new musi
 analysis algorithms that make expli
it di�erent stru
turalaspe
ts of a pie
e su
h as its segment stru
ture [5℄, 
ategories of melodi
 motifsand their re
urren
e [6℄, and various types of 
ommon melodi
, harmoni
, andrhythmi
 patterns, as postulated by musi
 theorists [15℄. These algorithms are ofgeneral interest to musi
ology, as they 
onstitute formal 
omputational modelsof aspe
ts of musi
al stru
ture understanding that had not hitherto been suÆ-
iently formalized in musi
 theory. The analyses 
omputed by these tools 
an beused as additional des
riptors in the representation of musi
al pie
es.
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4 Challenges to Ma
hine LearningThe result of all these e�orts are training data as exempli�ed in Fig. 2, whi
hshows the dynami
s and tempo deviations extra
ted from performan
es, by threedi�erent pianists, of a well-known pie
e by Fr�ed�eri
 Chopin. For the moment, werestri
t our attention to how the melodies of the pie
es are played (and negle
tmore 
omplex aspe
ts like intera
tions between di�erent voi
es of a pie
e). Allthe three expression dimensions that we are 
urrently studying | tempo/timing,dynami
s, and arti
ulation | 
an then be represented as 
urves that asso
iatea parti
ular tempo, loudness, or relative duration value with ea
h melody note.Fig. 2 also 
ontains a number of annotations added by the author to highlightdi�erent stru
tural aspe
ts of both the pie
e itself, and the performan
es. Thesewill be of help in the following dis
ussion.The �rst question one might ask is: is there something to be learned at all?Isn't expressive performan
e something intangible, something that re
e
ts theartisti
 uniqueness of a performer and thus ne
essarily es
apes any attempt atformalisation or explanation? A look at Fig. 2 reassures us: there are, of 
ourse,individual di�eren
es in the interpretations by the three pianists, but there arealso very 
lear 
ommonalities in the three 
urves. In other words, there seem tobe some strong 
ommon prin
iples at work that lead performers to do thingsin a similar way. And these 
ommon performan
e patterns must somehow bedetermined by the stru
ture of the musi
 being played.In fa
t, this situation a�ords opportunities for at least two di�erent types oflearning. The one that better �ts the `traditional' indu
tive learning setting islearning to 
hara
terise and predi
t the 
ommonalities between performan
es.In the simplest 
ase, a learner that is given di�erent performan
es of the samepie
e 
an be expe
ted to �nd des
riptions of those patterns that are 
ommonto most of the performan
es, and treat those situations where the individualperformers di�er as noise.1 Chara
terising 
ommon performan
e patterns thatpoint to some fundamental underlying prin
iples is indeed the primary goal ofour proje
t. But it would also be interesting to try to learn about 
hara
teristi
di�eren
es between individual artists. Here, the problem is not to �nd out wheretwo performers di�er | that is dire
tly obvious from the data | but to �nd
lasses of situations in whi
h there is a systemati
 and expli
itly 
hara
teriseabledi�eren
e in behaviour. This might be a novel problem for ma
hine learning.A related question is how mu
h we 
an expe
t to learn and formalise. Clearly,we 
annot expe
t artists to be entirely predi
table. We will have to make do withmodels that explain only a (possibly small) fra
tion of the observed phenomena.This requirement favours learners that, rather than trying to 
over all of theinstan
e spa
e, 
an fo
us on those subspa
es where something 
an be learnedand produ
e models that 
learly indi
ate when something is outside their areaof expertise. Some interesting results along these lines are reported in [26℄.1 `Real' noise (in the sense of mistakes or ina

ura
ies by the performer) is not mu
hof a problem | high-
lass pianists are extremely pre
ise, both in terms of motor
ontrol and in terms of their memory and 
apa
ity to reprodu
e parti
ular expressivepatterns over repeated performan
es.



Another fundamental question is: what are the target 
on
epts? And that re-lates to a number of deep problems 
on
erning representation, abstra
tion level,and 
ontext. At �rst sight, the 
urves in Fig. 2 are reminis
ent of time series,whi
h suggests the use of methods from time series analysis and fore
asting.However, this is an inappropriate view. It is not so mu
h the past states that de-termine how a 
urve is going to 
ontinue into the future; it is the stru
ture of theunderlying musi
al pie
e that partly determines what `shapes' or `envelopes' (intempo, dynami
s, et
.) a performer will apply to the musi
. The question thenarises as to what exa
tly the s
ope of these `shapes' is, and what the stru
turalunits in the musi
 are to whi
h these `shapes' are applied | in other words,what is the appropriate abstra
tion level?A
tually, musi
al expression is amulti-level phenomenon. Good performan
esexhibit stru
ture at several levels. Lo
al deviations expressing detailed nuan
es(e.g., the stressing of a parti
ular note) will be embedded in more extended,higher-level expressive shapes, su
h as a general a

elerando{ritardando (speed-ing up { slowing down) over an entire phrase. For instan
e, the expression 
urvesin Fig. 2 exhibit both lo
al, note-level (see notes marked by asterisks) andmore global stru
tural patterns (e.g., a 
lear 
res
endo{de
res
endo applied themedium-level phrase A.1 (dynami
s 
urve), and an ever so slight a

elerando{ritardando over phrase A in the tempo dimension). Thus, it will be ne
essaryto learn models at di�erent stru
tural abstra
tion levels, whi
h introdu
es theadditional problems of dis
erning and separating multiple pattern levels in giventraining observations, and of 
ombining learned models of di�erent granularity atpredi
tion time. Moreover, apart from the note and the phrase levels, there maybe other, intermediate stru
tural units relevant to explaining 
ertain aspe
ts ofthe 
urves. Dis
overing these is an intriguing musi
ologi
al problem. One of ourplans here is to study the utility of new substru
ture dis
overy algorithms [8℄.Generally, the representation problem is a non-trivial one. There are many
on
eptual frameworks in whi
h musi
 
an be des
ribed. Finding the most ap-propriate musi
-stru
tural des
riptors is a question of musi
ologi
al interest.Systemati
 experimentation with di�erent musi
-theoreti
 vo
abularies will bene
essary to identify these. In addition, the representation should 
apture therelevant 
ontext of notes and musi
al stru
tures, whi
h is a tri
ky issue notonly be
ause we do not know exa
tly how large this 
ontext should be, butalso be
ause there are also some highly non-lo
al e�e
ts at work (e.g., whenthe re
urren
e of a melodi
 motif prompts the performer to `fall ba
k' into aprevious pattern). As for the essentially relational nature of musi
, whi
h wouldsuggest the use of �rst-order logi
 for knowledge representation and Indu
tiveLogi
 Programming for learning, it will be a matter of experimentation to studythe trade-o� between the in
rease in expressive power and the in
rease in sear
h
omplexity implied by the use of ILP algorithms (see [14℄).Another interesting observation, whi
h may be a sour
e of new learning prob-lems, is that the di�erent target dimensions are very likely to intera
t or beinter-dependent. The performan
es in Fig.2 exhibit some 
lear parallels betweendynami
s and tempo, parti
ularly in the 
ase of some lo
al deviations. For in-



stan
e, there seems to be a strong 
orrelation between dynami
 emphasis andindividual note lengthening (see the events marked by asterisks in Fig. 2). Ata higher level, one 
ould 
onstrue a 
ertain parallelism between the dynami
sand tempo shapes of the se
ond of the high-level phrases (B) (see the ar
s inthe dynami
s and tempo plots), whi
h would 
on�rm a general hypothesis bymusi
ologists.2 In general, performers have di�erent means of stressing musi
alpassages, by 
ombining timing, dynami
s, and arti
ulation in 
ertain ways. Thissuggests that expressive performan
e might be an ideal 
andidate domain formulti-task learning [7℄, where multiple learning tasks are pursued in parallel us-ing a shared representation, whi
h presumably enables the learner to transferinformation between di�erent related problems. Moreover, we would be inter-ested in an expli
it 
hara
terisation of the 
onne
tion between, say, timing anddynami
s, if there is one. This seems to be a new type of learning problem.And �nally, there is the evaluation problem. How is one to evaluate and quan-tify the validity of a given theory in a domain where there is no unique `
orre
t'solution (there are usually many `a

eptable' ways of performing a pie
e)? Theempiri
al evaluation methods used in ma
hine learning (measuring 
lassi�
ationa

ura
y and predi
tion error on unseen data, estimating true error via 
ross-validation et
.) do have their pla
e here, but they need to be 
omplemented withmore musi
-spe
i�
 methods that, while avoiding to make judgments 
on
erningthe musi
al or aestheti
 quality of a performan
e, do a

ount for musi
al aspe
tsof a model's predi
tions. This is a 
hallenging resear
h question for musi
ologyand is beyond the s
ope of the present paper.5 First Results and Ongoing Resear
hIt is only rather re
ently that we have begun to perform systemati
 learningexperiments with the huge data 
olle
tions mentioned in se
tion 3.1, so mostof the above questions and 
hallenges are still open. Our investigations so farhave mostly 
on
entrated on the note level, i.e., on des
ribing and predi
tinghow individual notes will be played, given various features of the notes and theirimmediate 
ontext. Here is a brief list of the most interesting results so far:Basi
 learnability: In a �rst suite of experiments [25℄, we su

eeded in show-ing that even at the level of individual notes, there is stru
ture that 
anbe learned. Standard indu
tive learners managed to predi
t the performer's
hoi
es with better than 
han
e probability. Extented feature sele
tion exper-iments showed that di�erent sets of musi
-theoreti
 des
riptors are relevantfor di�erent expressive dimensions (timing, dynami
s, arti
ulation).New rule learning algorithm: Based on experien
es gathered in these initialinvestigations, we developed a new rule learning algorithm named PLCGthat 
an �nd simple partial theories in 
omplex data where neither high
overage nor high pre
ision 
an be expe
ted. The PLCG algorithm and some2 This parallelism be
omes mu
h 
learer on
e 
ertain lo
al distortions and artifa
ts inthe expression 
urves (
aused, e.g., by the gra
e notes in bars 7 and 8) are removed.



experiments with it are des
ribed in more detail elsewhere in this volume [26℄.Partial note-level rule model: PLCG has dis
overed a number of surpris-ingly simple and surprisingly general and robust3 note-level expression prin-
iples [27, 28℄. These rules are 
urrently investigated more 
losely from amusi
ologi
al perspe
tive; some of them will probably form the nu
leus of aquantitative rule-based model of note-level timing and arti
ulation.Learning at higher stru
tural levels: In some limited earlier studies [23,24℄, we had already found indi
ations that learning at multiple stru
turallevels does indeed improve the results (and the musi
al quality of the result-ing 
omputer-generated performan
es) 
onsiderably. However, the de�nitionsof these higher musi
al levels and parti
ularly the methods for 
ombininglearned theories of di�erent granularity were very ad ho
, and the trainingmaterial was extremely limited. We are 
urrently developing a more prin
i-pled approa
h.Dis
overing stylisti
 di�eren
es: Regarding the possibility of dis
overingstylisti
 di�eren
es between di�erent performers, we had obtained �rst in-dire
t positive eviden
e in an early experiment that involved performan
esof the same pie
e by both the famous Vladimir Horowitz and a number ofadvan
ed piano students [22℄. There it turned out that rules learned fromHorowitz yielded a signi�
antly higher predi
tive a

ura
y on other Horowitzdata than on the student data, and vi
e versa. Re
ently, we have started newfo
ussed investigations on this issue, with the aim of �nding 
hara
terisationsof these di�eren
es. This 
an be done with standard indu
tive rule learningalgorithms, but requires the design of a di�erent type of learning s
enario.In a small initial experiment, several interesting rules were dis
overed thatmight des
ribe 
hara
teristi
 di�eren
es in behaviour between the two greatpianists Alfred Cortot and V. Horowitz. But the data were mu
h too limitedto permit general 
on
lusions. We are now planning to repeat this type ofexperiments with a mu
h more extended data set.Ma
hine learning for stru
tural musi
 analysis: And �nally, 
omputa-tional musi
 resear
h o�ers many other opportunities for ma
hine learningthat are not ne
essarily related to the performan
e issue itself. There aremany problems in automated stru
tural musi
 analysis for whi
h there areas yet no reliable algorithms (e.g., harmoni
 analysis, phrase stru
ture anal-ysis, et
.) and whi
h 
ould bene�t from indu
tive learning. For instan
e,we have developed an algorithm for �nding 
lasses of musi
al motifs andfor elu
idating the motivi
 stru
ture of a pie
e, based on a new 
lusteringmethod. This algorithm has been shown to be 
apable of reprodu
ing mo-tivi
 analyses by human musi
ologists of su
h 
omplex pie
es as S
humann'sTr�aumerei and Debussy's Syrinx [6℄, and of predi
ting the 
ategorizationsmade by human listeners [4℄.3 For instan
e, 4 simple timing rules turn out to be suÆ
ient for 
orre
tly predi
tingmore than 20% of a pianist's lo
al ritardandi, and these rules seem to generalize wellto musi
 of di�erent styles.



Obviously, these are just �rst steps in a long resear
h journey that shouldtake us 
loser to our �nal goal | a quantitative, 
omposite 
omputational theorythat explains as mu
h as possible of the various dimensions of expressive musi
performan
e, and the intera
tions between them | and that will for
e us toaddress a number of novel ma
hine learning problems on the way. This is a long-term undertaking, and we would like to extend an invitation to motivated youngresear
hers to join our proje
t team and work with us towards this goal.A
knowledgementsThe proje
t is made possible by a very generous START Resear
h Prize bythe Austrian Federal Government, administered by the Austrian Fonds zurF�orderung der Wissens
haftli
hen Fors
hung (FWF) (proje
t no. Y99-INF). Ad-ditional support for our resear
h on ma
hine learning and musi
 is providedby the European proje
t HPRN-CT-2000-00115 (MOSART). The Austrian Re-sear
h Institute for Arti�
ial Intelligen
e a
knowledges basi
 �nan
ial supportby the Austrian Federal Ministry for Edu
ation, S
ien
e, and Culture. I wouldlike to thank my 
olleagues Emilios Cambouropoulos, Simon Dixon, and WernerGoebl for their 
ooperation and many fruitful and enjoyable dis
ussions.Referen
es1. Bresin, R. (2000). Virtual Virtuosity: Studies in Automati
 Musi
 Performan
e.Do
toral Dissertation, Royal Institute of Te
hnology (KTH), Sto
kholm, Sweden.2. Cambouropoulos, E. (2000). From MIDI to Traditional Musi
al Notation. In Pro-
eedings of the AAAI'2000 Workshop on Arti�
ial Intelligen
e and Musi
, 17thNational Conferen
e on Arti�
ial Intelligen
e (AAAI'2000), Austin, TX. MenloPark, CA: AAAI Press.3. Cambouropoulos, E. (2001). Automati
 Pit
h Spelling: From Numbers to Sharpsand Flats. In Pro
eedings of the 8th Brazilian Symposium on Computer Musi
,Fortaleza, Brazil.4. Cambouropoulos, E. (2001). Melodi
 Cue Abstra
tion, Similarity, and CategoryFormation: A Formal Model. Musi
 Per
eption, 18(3) (in press).5. Cambouropoulos, E. (2001). The Lo
al Boundary Dete
tion Model (LBDM) andits Appli
ation in the Study of Expressive Timing. In Pro
eedings of the Interna-tional Computer Musi
 Conferen
e (ICMC'2001). San Fran
is
o, CA: InternationalComputer Musi
 Asso
iation.6. Cambouropoulos, E. and Widmer, G. (2000). Automati
 Motivi
 Analysis viaMelodi
 Clustering. Journal of New Musi
 Resear
h, 29(4) (in press).7. Caruana, R. (1997). Multitask Learning. Ma
hine Learning 28(1), 41{75.8. De Raedt, L. & Kramer, S. (2001). The Levelwise Versionspa
e Algorithm and itsAppli
ation to Mole
ular Fragment Finding. In Pro
eedings of the 17th Interna-tional Joint Conferen
e on Arti�
ial Intelligen
e (IJCAI-01), Seattle, WA.9. Dixon, S. (2000). Extra
tion of Musi
al Performan
e Parameters from Audio Data.In Pro
eedings of the First IEEE Pa
i�
-Rim Conferen
e on Multimedia (PCM2000), Sydney, Australia.



10. Dixon, S. (2001). Automati
 Extra
tion of Tempo and Beat from Expressive Per-forman
es. Journal of New Musi
 Resear
h (in press).11. Dixon, S. and Cambouropoulos, E. (2000). Beat Tra
king with Musi
al Knowledge.In Pro
eedings of the 14th European Conferen
e on Arti�
ial Intelligen
e (ECAI-2000), Berlin. IOS Press, Amsterdam.12. Friberg, A. (1995). A Quantitative Rule System for Musi
al Performan
e. Ph.D.dissertation, Department of Spee
h Communi
ation and Musi
 A
ousti
s, RoyalInstitute of Te
hnology (KTH), Sto
kholm.13. Friberg, A., Bresin, R., Fryd�en, L., and Sundberg, J. (1998). Musi
al Pun
tuationon the Mi
rolevel: Automati
 Identi�
ation and Performan
e of Small Melodi
Units. Journal of New Musi
 Resear
h 27(3), 271{292.14. Kramer, S. (1999). Relational Learning vs. Propositionalization. Investigations inIndu
tive Logi
 Programming and Propositional Ma
hine Learning. Ph.D. thesis,Te
hni
al University of Vienna.15. Narmour, E. (1992). The Analysis and Cognition of Melodi
 Complexity: TheImpli
ation-Realization Model. Chi
ago, IL: University of Chi
ago Press.16. Palmer, C. (1988). Timing in Skilled Piano Performan
e. Ph.D. Dissertation, Cor-nell University.17. Repp, B. (1992). Diversity and Commonality in Musi
 Performan
e: An Analysisof Timing Mi
rostru
ture in S
humann's `Tr�aumerei'. Journal of the A
ousti
alSo
iety of Ameri
a 92(5), 2546{2568.18. Sha�er, L.H. (1980). Analyzing Piano Performan
e: A Study of Con
ert Pianists.In G.Stelnma
h and J. Requin (eds.), Tutorials in Motor Behavior. Amsterdam:North-Holland.19. Sundberg, J., Friberg, A., and Fryd�en, L. (1991). Common Se
rets of Musi
ians andListeners: An Analysis-by-Synthesis Study of Musi
al Performan
e. In P. Howell, R.West & I. Cross (eds.), Representing Musi
al Stru
ture. London: A
ademi
 Press.20. Todd, N. (1989). Towards a Cognitive Theory of Expression: The Performan
e andPer
eption of Rubato. Contemporary Musi
 Review, vol. 4, pp. 405{416.21. Todd, N. (1992). The Dynami
s of Dynami
s: A Model of Musi
al Expression.Journal of the A
ousti
al So
iety of Ameri
a 91, pp.3540{3550.22. Widmer, G. (1996). What Is It That Makes It a Horowitz? Empiri
al Musi
ologyvia Ma
hine Learning. In Pro
eedings of the 12th European Conferen
e on Arti�
ialIntelligen
e (ECAI-96), Budapest. Wiley & Sons, Chi
hester, UK.23. Widmer, G. (1996). Learning Expressive Performan
e: The Stru
ture-Level Ap-proa
h. Journal of New Musi
 Resear
h 25(2), pp. 179-205.24. Widmer, G. (1998). Appli
ations of Ma
hine Learning to Musi
 Resear
h: Empir-i
al Investigations into the Phenomenon of Musi
al Expression. In R.S. Mi
halski,I. Bratko and M. Kubat (eds.), Ma
hine Learning, Data Mining and KnowledgeDis
overy: Methods and Appli
ations. Chi
hester, UK: Wiley & Sons.25. Widmer, G. (2000). Large-s
ale Indu
tion of Expressive Performan
e Rules: FirstQuantitative Results. In Pro
eedings of the International Computer Musi
 Confer-en
e (ICMC'2000). San Fran
is
o, CA: International Computer Musi
 Asso
iation.26. Widmer, G. (2001). Dis
overing Strong Prin
iples of Expressive Musi
 Performan
ewith the PLCG Rule Learning Strategy. In Pro
eedings of the 11th European Con-feren
e on Ma
hine Learning (ECML'01), Freiburg. Berlin: Springer Verlag.27. Widmer, G. (2001). Indu
tive Learning of General and Robust Lo
al Expres-sion Prin
iples. In Pro
eedings of the International Computer Musi
 Conferen
e(ICMC'2001). San Fran
is
o, CA: International Computer Musi
 Asso
iation.28. Widmer, G. (2001). Ma
hine Dis
overies: Some Simple, Robust Lo
al ExpressionPrin
iples. Submitted.


