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ABSTRACT Dataset Genre Orig. Code #Incipits
USRISM Instrumental, Plaine 55,490
In the interestof establishingrobust benchmarkgor Al Vocal(17th- & Easie
searchef ciency, we conductedh seriesof testson sym- Renai iﬂstth (ients.) DARMS  18.946
bolic databasesf musicalincipits andthemegakenfrom ( ; TS'fsance ( 12;; Csem ) '
several _dl\_/erserepertorles. The resultswe reportd|ff_er Classical*  Instr, Vocal MIDI 10,718
from existingstudiedn four res_,pects(l) thedatagquantity Essen Folksongs ESAC 6.232
is muchlarger(c. 100,000entries);(2) thelevelsof melo- European*
dic andrhythmicprecisionaremorere ned; (3) anchored Polish Devotional EsAC 6,060
andunanchoregearchesvere differentiated;and (4) re- religious songs16th,
sultsfrom joint pitch-and-rhythnsearchesverecompared monophoy  19thcents.
with thosefor pitch-onlysearches. Essen Folksongs EsAC 2,241
The searchresultswere evaluatedusing a theoretical Asian* (China)
approachwhich seeksto rank the numberof symbolsre- Luxemboug* Folksongs EsAC 612
Total 100,299

quiredto achieve “suf cient uniqueness”How farinto a
melody musta searchgo in orderto nd anitem which
is unmatchedy ary otherof the availableitems? How
much doesthe answerdependon the speci city of the
guery?How muchdoesanchoringhe querymatter?How
much doesthe resultdependon the natureof the reper
tory? We offer experimentaresultsfor thesequestions.

1. REPERTORY

The musicaldatausedfor analysesn this paperare de-
rivedfrom Theme ndef which containsafamily of data-
basesencodedn the Humdrumformat.>? Unlike MIDI
datain whichsomepitch-datacomparedo graphicahota-
tion is ambiguousthis format providesexplicit pitch and
rhythmdescriptiondor all notes.This enablesvaluation
of theimportanceof distinguishingbetweenenharmonic
spellings(e.g., G vs. A ) aswell astheimportanceof a
note's metric position.

Themainpurposeof the Theme ndemwebsiteis to en-
abletrainedmusiciando identify worksby their melodies

1 http://www.themefinder.org
2 http://dactyl.som.ohio-state.edu/Humdrum
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Table 1. Constituentatabasessedfor analysis.Starred
itemsarepublicly searchable.

asrememberedUsersareassumedo be notationallylit-
erate sincethey aremostlikely to seeka work-title. That
is, they areseekingextual metadatdrom asymbolic-data
search.Resultsareviewablein notationand playableas
correspondingMIDI les. The length of the queriesis
at the discretionof the user The constituentcollections
(somepublicly searchablegtherslimited to licenseduse)
eachrepresena differentkind of music(Tablel).

The repertoriesvary substantiallyby musical mode.
Somecollectionsaretonal, somemodal,andoneis pen-
tatonic. Within thetonalcollectionssigni cant rangecan
be found with respectto diatonic,chromatic,and(occa-
sionally) enharmoniausage. The Essen-Europearglas-
sical,andRISM datasetsre overwhelminglytonal. The
Renaissancétalian databaseemploys modesof the pe-
riod; the Polish datacontainstwo subsetsandis almost
evenly dividedbetweermodalandtonalmonophony. The
Essen-Asiamlatasets pentatonic Pentatonicisnfthe use
of vetonesperoctare) makesscale-dgreesearcheam-
biguous,sincemapping ve-tonepro les ontosesen-tone
grids yields inevitable differencedn scale-dgreeusage.
Since we were interestedin comparingproceduresand
their effectivenessn differentrepertorieswe did not at-
temptto correctfor thisdistortion. TheRenaissancesper



tories subscribeo differentsystemsof rhythmic organi-

zationthanwhatis corventionalin commonmusicnota-
tion. This complicateghe investigationof multiple tiers

of precisionin rhythmic de nition. The classicaldataset
is overwhelminglyinstrumental while the Polishdatais

exclusively vocal.

None of the componentatasetsn Theme nderorig-
inated as Humdrumdata, which representsitch, dura-
tion, barring, and the global variablesof notatedmusic
(metersignaturekey signatureclef, etc). However, All
therepertoriesvereoriginally encodedat a level of detail
sufcient to supporttranslationinto Humdrum, or were
signi cantly manuallyeditedin the caseof MIDI transla-
tions. Thetotal numberof recordsusedin this studywas
100,299.

The use of musicalincipits raisesfundamentalques-
tions of musicalidentity. All incipits aremonophonicas
usedin Theme nder but someof the underlyingreperto-
riesarepolyphonic.In relationto polyphonicmusic,Lin-
coln [6] givesoneincipit for eachvoice (typically ve).
RISM givesthe incipit (usuallyfrom the highest-pitched
instrumentor voice,e.g., Violin 1 or Soprano)ut is gen-
erousin giving separatancipits for linked portionsof a
singlemovement(e.g., instrumentatitornello andaria).

A qualitatve difference distinguishesincipits from
themes. Incipits introducea song, work, or movement.
They sene well for shortworks that are uncomplicated.
Themesepresena pieceof music(usuallyalonger more
complex one) in some more essentiallycognitive way.
The mentalextrapolationof themesis a humantaskand
thereforevulnerableto subjectve variation. As bestwe
know, thereis nostudyof thevariationthatmightbefound
by multiple subjectsn theidenti cation of thematicma-
terial.

In constructingthis analysis,we gave consideration
to the relationship(or lack thereof) betweenincipits (in
monophoniccontects) andoverall pieces(we did not dis-
tinguish betweenincipits and themesper sg. We sub-
sequentlycomparedsearchresultsfor incipit datacom-
paredto full-work datafor the Essenfolksongcollection
(in which centralEuropearmusicpredominates).

2. EXISTING STUDIES

In searchingfor relatedliterature,we found few studies
whichweresystematién natureandwhichaddressedub-
stantialquantitiesof data,althoughmary studiestouched
on someaspecbf this generalareaof inquiry. McNab et
al. [7], Dannenbgg et al. [2], and Randand Birming-
ham[8] exploredsimilar proceduresut in relationto a
query-by-singingsituation.

In [8] 188 MIDI les wereusedasa basisfor pro I-
ing durationalchange pitch change,and “note-drop”in
an effort to simulatethe kinds of usererrorsanticipated
in sunginput. They notedthatcorrelationcoefcients and
count correlationsperformedequally well in processing
and combinedthemin a modi ed scoringmetric. In [2]
onedatabasef 2,844itemswasgeneratedrom a MIDI

collectionof Beatlessongsanda secondpf 8,926themes
(averaging41 notes),wasbasedon anencodectollection
of songs. Herethey comparedhe resultsof metricsde-
rived from (1) pitch plus inter-onsetintervals (101), (2)
melodic contourmatchesand (3) Hidden Markov Mod-
els. In [7] asimilar studyto oursusingthe Esserdatabase
wasconductedaspartof researcHor symbolic-musiae-
trieval via singing.

Theclosestparallelswith ourownwork in purelysym-
bolic searchingarefoundin [4], [9], [10], and[5]. The
rst two wereconcernedvith sortingrecordsstoredin re-
lated symbolicdatabasemto a musicalequivalentof al-
phabeticabrderfor bibliographicaburposege.g., nding
concordance$or works which are anorymousor which
are attributed to multiple composers). The authorsof
[10] soughtto determinethe feasibility of the query-by-
hummingapproachy simulatingsomeof the known de-
ciencies in userinput. They consideredmelodic rep-
resentatiomat ve levels of pitch-resolution,althoughit
is unclearexactly how “intervals” were de ned at some
levels (in the categories3, 5, 7, 9, 12) of pitch resolu-
tion. They attemptedo simulatedifferentlevels of inac-
curag in sungqueries.They reportedresultsfor different
databassizes(of 0.6,1.2,2.5,and3.6 million notes)and
search-ky lengths(4-8tokens).They foundthatathree-
interval contourrequireda 1.7 longerquery-lengttthana
semitoneresolution. They reportedthat 5-state,7-state,
and9-staterepresentationsf theunderlyingmelodieded
to similar resultsbut in all casegproducedimprovement
overthree-stateepresentationsl he authorsof [5] exam-
ined the effectivenesf usingrhythmand pitch of notes
in parallelfor searchgueries.

3. DATA FEATURES

Currently Theme nderallows searchingor musicexam-
plesby severallevels of precision,going from very spe-
ci ¢ (exactpitch) to very general(grosscontour). How-
ever, for this studythedescriptie featuresvereexpanded
to includerhythmaswell to examinewhich rhythmicfea-
turesmay be of bene t when searchingn Theme nder
Fourteensymbolic featuresof music were examinedin
this study—se&en for pitch and seven for rhythm. Here
is alist of the seven pitch featuresextractedfrom the mu-
sicaldatawhich areorderedrom speci c to general:

pl Enharmonigpitch class Pitchesarenamedby dia-
tonic letter (A..G) andin ection: natural( ), sharp
(), at (), double-shargx), or double- at( ).

p2 Musicalinterval Thedistancebetweertwo pitches
speci ed by melodic direction, diatonic size (3rd,
5th, etc.),and“quality”: perfect,major, minor, aug-
mentedpr diminished.Table2 givesalist of the35
basicinternvalsperoctave considered.

p3 Twelve-tongitch class 12 pitchesasemitoneapart
per octave which map one-to-oneon the musical
keyboard.



p4 Twelve-toneinterval The distancebetweentwo
successie twelve-tone pitchesin terms of semi-
tones.

p5 Scaledggree Pitchesaredescribedy their diatonic
positionin a 7-tonescale(e.g., majoror minor).

p6 Grosscontour. Intervalsareassignedo oneof three
categgoriesby melodic direction (up, down, or the
same).

p7 Re ned contour. Intervals are assignedo one of

ve catejories:2 “steps” (pitch change®f ary type

of secondinterval) up or down, 2 “leaps” (pitch
changesf minor thirds or greater)up or down, or
unchangegbitch.

namecod¢namecode | name code name code
C 0 perl 0 per8 40
C 1|C 39 augl 1 dim8 39
Cx 2| C 38 aaugl 2 | ddim8 38
. 3| Bx 37 (ddim2) 3 | aaug7 37
D 4| B 36 dim2 4 aug7 36
D 5| B 35 min2 5 maj7 35
D 6| B 34 maj2 6 min7 34
D 7| 8B 33 aug2 7 dim7 33
Dx 8 . 32 aaug2 8 | (ddim7) 32
9| Ax 31 (ddim3) 9 aaug6 31
E 10| A 30 dim3 10| aug6 30
E 11| A 29 min3 11| maj6 29
E 12| A 28 maj3 12| min6 28
E 13| A 27 aug3 13| dim6 27
Ex 14| . 26 aaug3 14| (ddim6) 26
F 15| Gx 25 ddim4 15| aaug5 25
F 16| G 24 dm4 16| augs 24
F 17| G 23 perd 17 per5 23
F 18| G 22 aug4d 18| dim5 22
Fx 19| G 21 aaug4 19| ddim5 21

Table 2. The35pitch-nameperoctarze andmusicalinter
valsusedin p1(pch) & p2 (mi) Codesgivenin abase-40
enumeratiorf3]. Intervalsin parenthesesot considered.

We have obsered that exact-pitch searchegpenalize
faulty recollectionandthat gross-contousearche®ften
produceanexcessve numberof prospectie matchesWe
have cometo believe thatscale-dgreesearchesreover
all the mostrobustfor searchingor tonalmusicincipits.
Scale-dgreesearchetie for themost-usedearchypeon
Theme nder alongwith the exact-pitchsearchfollowed
in third placeby grosscontour®

Two- to three-letteabbreviationsusedn this paperfor
eachpitch andrhythmfeaturearegivenin Table3. In ad-
dition to the seven pitch featuresdescribedabove, seven
rhythmfeaturesverealsoextractedfrom themusicaldata
for this study Rhythmcanbe cateyorizedinto two basic
componentf durationand meter Threelevels of du-
ration andfour levels of metric featuresaregivenin the
following list:

rl Duration: thedurationof notesin themusicalscore
(notthesameasperformanceluration).Also called
inter-onsetinterval in perceptuastudies.

3 http://ismir2003.ismir.net/tutorials/Sapp_fichiers/slide0025.htm

Abbr. Searchtype # states

pl pch enharmoni@itch class 35
p2 mi musicalinteral (35)
p3 12p 12-tonepitch class 12
p4 12i 12-tonepitchinterval (12)
p5 sd scale-dgree(diatonicpitch class) 7
p6 pgc pitch grosscontour 3
p7 prc pitch re@edcontour 5
rl dur duration ?
r2 dgc durationgrosscontour 3
r3 drc durationre@edcontour 5
r4  blv beatlevel 2
5 mlv metriclevel ?
6 mgc metricgrosscontour 3
7 mrc metricre@edcontour

Table 3. Symbolicmusicfeatures.Numbersin parenthe-
sesnot limited to one octave in the study Stateslisted
with “?” arenot enumerablavithout a speci c database
(seeTable4).

r2 Durationgrosscontour. Thefollowing noteis char
acterizecdasbeing(1) longer, (2) shorteror (3) equal
in durationto the currentnote.

r3 Duration re ned contour. A re ned versionof the
rhythmic grosscontourwherelonger and shorter
are further split into two sub-catgories: (1) next
noteis aslong, (2) next note aslong,
(3) next noteis sameduration,(4) next noteis
asshort,and(5) next noteis asshort.

r4 Beatlevel A grossmetric descriptionof notesbe-
ing either(1) onthebeat,or (2) off thebeat.

r5 Metric level A re ned metric descriptionof the
metric position (in a particularmeter). For exam-
ple, beatscould be on the quarternote level, 8th-
noteoff-beatswould bethe 8th-notelevel.

ré Metric gross contour. qualitative differencesbe-
tweenmetriclevelsof adjacennotes:(1) next note
is onastronger(2) wealer, or (3) equivalentmetri-
cal position.

r7 Metric re ned contour. re ned qualitative differ-
encesdetweemmetriclevelsof adjacennhotes.Met-
ric changeplacedin vecateyorieswherethenext
noteis in ametricpositionwhichis: (1) wealer, (2)
muchwealer, (3) stronger(4) muchstrongeror (5)
the sameasthe currentnote.

TheTheme ndersearch-enginalsoallowsusergo |-
ter by metersignaturesbut it currentlyoffersnosearches
of rhythmic featureson an item-peritem basisas listed
above. Figurel demonstratéhe extractionof variousfea-
ture datafrom a musicalincipit.

In actual datasetsnot all possiblefeature statesare
used. We nd that the numberof statesencounteredt
higherordersof pitch precisionvariesfrom repertoryto
repertory Also, intervallic searchest higher levels of
precisionarecomputedwith discreteoctaves(i.e., thein-
terval of a perfecttwelfth is not equatedwith that of a
perfect fth), sothe rangeof actualfeaturestatesvaries
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Figure 1. Examplemusicalongwith extractedpitch and
rhythmfeatures.

Search Type Classical Polish All
12i 70 40 88
pch 29 26 32
mi 95 52 109
dur 109 29 122
mlv 10 12 14

Table 4. Numbersof statedor variablefeatures.

with the databas@ndthe symbolextractionmethod. Ta-
ble 4 shavs variousexperimentaktatecountsfor selected
repertories.

3.1. Searching Procedures

We usedthe Theme nderdatacollectionsdirectlyto avoid
restrictionsof thewebinterfaceandto processdatamore
quickly with a specializedsearchingorogramwritten in
C which storedthe datain memory betweensearches.
Anchoredsearche®f the databasgsearcheghat match
from the start of an incipit only) could be done at a
rate of 500/secondvith 100,000incipits on a 1.5 GHz
computer Fully examininga particularmusicalfeatures
searchcharactisticon the entire databaseequiresabout
onemillion databasejueriestakingabout1/2 of anhour
to complete.

Unanchoredsearchegsearchingstartingat any posi-
tion in theincipit aswell asthebeginning)requiredonger
searchtimes of about5 searches/seconoh 1.8 million
notesin thecombineddatabasewith searchstatisticstak-
ing almostthree days per featureto collect. Anchored
searchesare suitablefor incipits. Unanchoredsearches
maybemoreusefulfor nding themesn completeworks.

We ran searchtestson eachof the variouspitch and
rhythmfeaturesetslistedin Table3. With those gures in
hand wethenranasetof joint pitch-rhythmfeaturesearch
teststo usefor comparisonWe alsotestedthe resultsfor
incipits againstthe resultsfor full-score searchesn the
Essendataset. Our purposewasto determinethe extent
to which the testswe ran on incipits would be valid for
completeworks (Table6).

4. EFFECTIVENESS MEASURES

Three related conceptswere developed for analyzing
searctcharacteristics(1) MatchCountPro les, (2) Time-
to-Uniquenesandto Sufciency, and(3) variousentropy

measurementsTheseconceptsaredescribedn detailin

the eachof thefollowing subsections.

4.1. Match Count Pro les

Performinga searchwith a shortquery sequencsyields
more matchesin the databasethan longer query se-
guencesThereforeaMatch CountPro le wasdeveloped
to examinethe behaior of the matchcountsasthe query
lengthis increased.For example, Table 5 shaws the an-
choredandunanchoredatch CountPro les for the mu-
sicin Figurel usingscale-dgreefeatures.

QueryLength 1 2 3 4 567891011
Anchored 2493 566 288 126 64 1812 54 2 1
Unanchored | 8399 4834 1772 626 259 56 36 10 6 2 1
Theoretical 1643 304 64 14 3 1

Table 5. MatchCountPro les for musicin Figurel.

In Table5, the query length indicatesthe numberof
elementaisedin the searchstartingfrom the rst notein
the music. For example,the length-fourqueryis “1 3 5
5”. Thisqueryresultedn 126total songsstartingwith the
exactsamepatternand626songswhich containtheexact
samepatternanywherein the song.

The “theoretical” line at the bottom of the table in-
dicatesa predictionof how mary anchoredmatcheshe
queryis expectedto generategiventhe probability distri-
bution of symbolsin the databasevhich will be exam-
inedin the entrogy sectionin furtherdetail. Table5 also
demonstratethatthequerylengthneededo nd aunique
matchis the samewhetherthe searchwasanchoredatthe
startof the musicor allowedto startanywherein a short
monophonicsong.

After generatingindividual feature pro les for all
themesin the databasethe similar-featurepro les were
averagedandcanbe seenin Figure2. This gure shows
pro les for eachof the 14 pitch andrhythm featuresex-
tractedfrom musicin the database Succinctfeaturesets
display steeperslopeson the curves. All pitch features
nd uniguematchesn the databaséy about12-length
guerieshoweverrhythmfeaturesequiremuchlongerse-
guenceso uniquely nd matchesn thedatabase.

Thetwo rhymic featuresblv andmgc areexception-
ally badat nding uniquematches.The mgc featurehas
an unusuallygradualslope when comparedio mrc but
it still seemgo be correctafter careful double-checking
of the dataand may just be a peculiarity of the folksong
dataset.

4.2. TTU and TTS

We now de ne two experimentaimeasuresf importance
in the Match CountPro les:
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Figure 2. Pro les for the completeEssendatasefor all
14 pitch and rhythm features. Gray = durationfeatures;
dashed= metricfeaturesthin solid = pitch features.

Incipit only  Full work

Anchored  TTU (mi) 6.87619 8.74826
seach Failurerate 0.669% 0.0354%
Unanchored TTU (mi) 7.926 10.2858
search Failurerate 1.07% 0.0472%

Table 6. Comparisorof TTU for incipits andfor the full
worksfrom whichthey originate(basedn Esserdataset).

Time-to-uniquenesgTTU): the query length re-
quiredto nd auniquematchin thedatabase.

Time-to-sufciency (TTS): the query length re-
quiredto nd anupperlimit to the numberof re-
sultingmatches.

Figure 2 marksthe TTS level for the upperlimit of
matchcountswhenit is setto 10 matchesaswe do so
arbitrarily throughoutthis study As it turnsout, TTS is
preferableo TTU whencalculatingtheentrogy in thefol-
lowing sectiorwheretheinitial slopeof thepro le isused
to estimateheentroyy rate. To verify thisobsenation,ex-
aminethepitch featurecurvesin Figure2. Thestartof the
curvesarenearlylinear on a logarithmicscale,but when
approachinghe TTU pointthey signi cantly atten out.

Thecorvergencepatternshovsin Figure2 is represen-
tative of whatwe foundin all of the databaseslthough
thereare small differencesin the detailsfrom repertory
to repertory The averageTTS, giventhe greatesipreci-
sionin pitchresolutionandananchoredearchywasfound
to be lessthan 6 [datatokens], but the performancedif-
ferencesdetweenthe four mostpreciselevels were min-
imal. This con rms andre nes previousresultsreported
by Schlichte[9] andHoward[4].

No TTU couldberetrievedfor highly genericthemes,
but the detailsvary by datasetize andfeatureset. (For
example for pgcin theclassicaket,11%did notachieve
TTU within thefull incipit size.) Becausesertainincipits
did not have a unigue match,their TTUs were excluded
from averages.Figure 3 givesthe TTU and TTS failure

ratesfor the entire datasetfor various musicalfeatures.
Lessspeci ¢ featuresyield higherfailure rates. It is im-
portantto note that TTU was given a specialde nition
for this studyto preventfalsefailures: if a singlematch
wasnotfoundby searchingvith anentireincipit, thenthe
searchwas still determinedo reacha uniqueendif the
matchcountwasthe samefor the entireincipit minusthe
lastnote.

failurerate

pch 12p12P-12j 121~ d SU- pre Pre-pge P9C-rgc

rgc 4! rgc rgc rgc PrC rgc P9¢rgc
3.43.41.15.91.45.91.45.31.514 2.831 6.546
.53.53.111.5.151.5.16 1.3.21 5.8.38 20 1.1 35

oTTU
mTTS
Figure 3. Searchfailure ratesfor all datasetsaccording
to searchfeature. For example,whensearchingoy pch
3.4%of theincipits arenot found“uniquely” evenby the
end of the incipit (with an averagelength of 18 notes).
Similarly, 0.53%of incipits cannotbe found with 10 or
fewer matchesby searchingfor the entire length of the
incipit.

4.3. Entropy

Entropy is a measureof diversity usedin comparison®f
information.In mathematicalerms,entroyy, , eval-
uategherandomnessf avariablein termsof how widely
spreadhe probability distribution, , Is. Mathemati-
cally, it canbe shavn that is never largerthanthe
actualnumberof states. is measuredn bits and
canbe calledthe rst-order entropy. Equationl givesthe
de nition of rst-order entrogy [1],

)
where is the normalizedprobability distribution (the
sumof all  is 1) of the randomvariable , and is

the numberof stateswhich  may posses.As anexam-
ple, Figure 4 shaws the probability distribution for pch
and 12p featuresin all datasetswhich yields rst-order
entropief 3.40and3.33bits/symbolrespectiely.

Ontheotherhand,theentroyy rate, , describes
the unpredictabilityof a randomprocess . A random
process, ,with alarge rst-order entrofy doesnotnec-
essarilyhave a large entrofy rate sincethe sequencef
elementsn the processnaynotbe purelyrandom.Math-
ematicallyit canbeshavnthat
is measuredn bits/symbol.

If  variesin time andformsan -length sequence,
thenits entroyy rate, ,isde nedas

— )
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Figure 4. Exampleprobability distributionsfor pch and
12p features(all datasets).The pitch E occursin pch
aboutoncein everytennoteswhile A occursaboutonce
in amillion notes.

where  denotegsherandomvector( , , , ),
andits entrofy canbecalculatedby summingoverall pos-
siblesequencerobabilities:

®3)
The total numberof termsin Equation3is , whichis
thetotal numberof possible -lengthsequences may

realize. canbe calledthe -th orderentropy. In
otherwords,the entroyy rateis theaveragenumberof bits
per symbolneededo encodea certainsetof , while
the -th orderentroyy is thetotal numberof bits required
to encodehe samesetof

Calculating is complicatedand not useful for
our purposesespeciallysinceincipit lengthsvary, sowe
useTTSto estimatethe entroyy rate,

TTS

(4)

where is the total number of unique incipits in a
datasetK de nes the cutoff numberof matchfor suf-
ciencgy ( arbitrarily for our purposes)andTTS is

the averagetime-to-sufciency of all anchoredsearches.

TTS determinesentropy rate more accuratelythan TTU
does,provided that the search-decayate remainsexpo-
nentialupto the TTS point.

Whencombiningtwo featuresn asearchseveralother
information-theoryconceptsare useful. Joint entropy,

, refersto the combinedentrogy of the features.

Thejoint entropy is alwayslessthanor equalto the sum
of theindividual features.Mutual information, , IS
that portion of the joint entrogy which is sharedby both
featureqseeFigureb).

We attemptedo determinenow “complex” eachof the
repertoriess. Figure 6 compareghe rst-order entrogy

Jointentrogy

Conditionalentrofy \, . by Conditionalentrory

Figure5. Venndiagramshawving conceptuatelationships
betweenentropy, joint entrogy, conditionalentrogy, and
mutualinformation.

with theexperimentallymeasureentrogy ratefor thevar-

ious datasetsThe rst-order entropy indicatesthe maxi-
mum expectedcompleity of the music,andthe entrogy

rate quanti es the actual compleity. Figure 6 demon-
stratesthat the classical-themelataseis the most“com-

plex” from the perspectie of informationalfeature(here
12p) variety, while the Polishreligious-songorpusis the
least“complex.” The Renaissanceatasethasthe low-

est rst-order entropy. However, its entropy-rateis higher
with respectto its entropy thanary other dataset. This
meanghateventhoughtheRenaissancicipits usefewer
twelve-tonepitchesthanthe classicathemeset,theincip-

its arejustas“complex.”

12p: First-Order Entropy and Entropy Rate

bits/symbol

aSe

-3 A\ nee
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‘I:I First-OrderEntrory B Entrory Rate ‘

Figure 6. Twelve-tonepitch (12p) entrogy perrepertory
sortedby rst-order entropy. Light barsshowv rst-order
entropy. Dark barsshow entropy rate.

Notethatthe entropy ratesin Figure6 arealwaysless
thantheentropy for eachdatasetThisindicateghatmelo-
dic sequencearenot purelyrandombasedon the feature
probability distributionsand explainswhy the theoretical
matchcountsin Table5 aretoo low.

5. JOINT SEARCH FEATURES

With the measuringechniquegiescribedn the previous
sectionsit is usefulto now considetheeffectsof combin-
ing pitchandrhythmfeaturesnto asinglesearch Entropy



Entropy Type De@nition Value
pgc @rst-orderentropy pgc 1.5325
dgc @rst-orderentropy dgc 1.4643
Joint@rst-orderentropy pgc dgc 2.9900
Conditionalpitch pgcdgc 1.5256
entrogy (givenrhythm)

Conditionalrhythm dgc pgc 1.4575
entropy (givenpitch)

Mutualinformation pgc 0.0068

pgcdge

Table 7. Calculationof mutual information from rst-
orderpitch andrhythm entropieg(valuesbasedon Essen
datasets).

SearchFeatures TTS TTU
pgc 74 121
dgc 11.2 17.0
pgc+dgc 4.6 8.4

Table 8. TTU andTTS valuesfor Esserdatafor separate
andjoint prc anddgc features.

calculationsof mutual information shawv that pitch and
rhythmfeaturesareveryindependenfTable7, sosearch-
ing with bothatthe sametime is not a wastefulendeaor.

To implementjoint searchesn practical terms, we
enumeratedoth the pitch andrhythm featuresin series
onto the sequenceof prime numbers,and then multi-
plied the pitch andrhythm featuresogetherto geta one-
dimensionakearchsequencevhich could be searchedn
the samemannerasthe pitch or rhythm featuresalone.
If necessarythis setcanthenbe decompose@gaininto
the original two featuresetswithout anadditionallookup
table.

For example,the combinedpgc-dgc searchemploys 9
statespgc statexanbeassignedo the primes2, 3, and5.
dgc statescanthenbe assignedo the next threeprimes:
7, 11, 13. Thenthe possiblestatesfor the joint search
pgc-dgcwould be: 14,21,22,26, 33, 35,39, 55,and65.

Searchesombiningpitchandrhythmicfeaturessignif-
icantly reducedthe TTS and TTU. For example, Table 8
shavsthatbothTTSandTTU querylengthswerereduced
about30%for pgc-dgcjoint-featuresearches.

Comparingall pitchfeaturegointly searchedvith dgc,
a similar reductionin TTS lengthis noticedin all reper
tories(Figure7). Thesetestsgave usefulinsightsinto the
resultsof the more extensie seriesof measuresve de-
rivedfrom couplingdgcwith eachlevel of pitch precision
(Figure2).

Figure8 shovs MatchCountPro les for two pitchfea-
turesand two rhythmic featuresalong with their joint-
featurepro les. Two interestingthingsareshawn in this

gure: (1) thelow-detailpgc featureplusarhythmicfea-
ture performssearchessgoodasor betterthan 12i fea-
turesalone,and(2) morespeci ¢ rhythmic featuresgen-
eratelower TTS valuesthanlessspeci c features.How-
ever, chosingdifferentrhythmicfeatureso combinewith
a particular pitch feature doesnot greatly improve the

averagel TS

averagel TS

)
S)

matchcount(

— EssenAsian (2,241incipits) oalonemjoint

dgc‘ pgc prc sd 12i mi 12p pch

Classical(10,724incipits) ‘D alone Mjoint

O N B O
P

dgc‘ pgc prc sd 12i mi 12p pch

Figure 7. Pitch-onlycomparedo joint searchesvith dgc
for two differentdatasets.Light barsare pitch features
searchalone. Dark barsshaw joint TTS valueswhena
pitch featureis combinedwith dgc.

TTSvaluesasopposedo choosingadifferentrhythmfea-
ture. Notein particularin Figure8 thatthe 6-statepgc-blv
joint featureis almostidenticalin entropy-rateto 12ialone
which hasabout20 states.

Pitch/RhythmJointMatch CountPro les
Esserdatase(8,743songs

12[;,

(o]

N A~ O

12i-blv

1 2 3 4 5 6 7 8 9 10
searcHength

Figure 8. Effectsof combiningpitch andrhythmsearches
on matchcountpro les.

6. CONCLUSIONS

The three search-gectivenesameasuringechniquegde-

scribedin this paperareusefulin quantitatvely evaulat-
ing the searchpropertiesof the multitude of featureshat
canbeextractedirom musicaldata.ln particular applying
thesemetricsto ananalysisof joint pitch-rhythmfeatures
clearlysumarizesheimprovementsn searchimeswhich

arepossibleunderrealisticsearchconditions.



An importantveri cation in this setof testawasthatthe
most signi cant increasesn search-dectivenesscome
from the progressionsin quantization precision from
pitch/gross-contouépgc) to prc, and from scaledegree
(sd) to 12-tonepitch (12p). However, the improvement
in performanceof sd (7 states)over prc (5 states)is
slight, a nding which is generallysimilar to [9]. Also,
twelve-tonesearchesre preferableto enharmonigitch-
classsearchebecaus@ch/12p andmi/12i matchpro les
werecoincidento aboutonepartin 10,000.Sincethe12p
statesarefewerthanpch’'s andtheir searctcharacteristics
arenearlyidentical, twelve-tonesearchesre preferrable
for minimizing queryerrors.

Anotherusefulresultis the relative orderingof effec-
tivenesdor variousrhythmicfeaturescanbe madeby ex-
aminingFigure2. All rhythmicfeaturesarelesseffective
for searchinghanthe mostgeneralpitch featureof pgc.
From mostspeci ¢ to mostgeneral the rhythm features
are: mlv, dur, mrc, drc, dgc, blv, andmgc. However,
thesdeaturesarenarravly clusteredn theiref ciency, so
differentrepertoriesnayreorderthemslightly.

Combining dgc and pgc is a particularly effective
searctstratgy sincethereis little mutualinformationbe-
tweenthetwo features.Both featuresarevagueby them-
seles,but togetherthey arejust asor moreeffective than
pitch-only scale-dgreesearches.Interestingly incorpo-
rating dgc with other more speci ¢ pitch featuresyields
only mamginally betterTTS/TTU times (about1.5 fewer
notesrequiredin the searchquery as comparedto 4.5
fewer noteswith pgc on average).

Octave information does not signi cantly improve
searchresults, since the pch/12p and mi/12i setshad
nearly identical entrofy rates. The pch/12p setdid not
encodeoctave, while the mi/12i setpresered octave in-
formation. Also, enharmonicspellingsare not more ef-
fective thantwelve-tonesearchtypes,since12p andpch
have similar entrogy andvery similar entropy-rates.

Further analytical materials, updates and results
can be requestedand are posted on the internet at
http://theme nderorg/analysis.
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