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ABSTRACT

We presentan efÞcient algorithm for automaticallydetecting
remixes of pop songsin large commercialcollections. Remixes
arecloselyrelatedascommercialproductsbut they arenot closely
relatedin their audiospectral contentbecauseof the natureof the
remixingprocess.Thereforespectralmodellingapproachesto audio
similarity fail to recognizethem. We proposea new approachÐthat
chopssongsinto small chunkscalledaudio shinglesÐto recognize
remixedsongs.Wemodelthedistributionof pair-wisedistancesbe-
tweenshinglesby two independentprocessesÐonecorresponding to
remix contentandtheothercorrespodingto non-remixcontentin a
database.A nearestneighbouralgorithmgroupssongsif they share
shinglesdrawn from the remix process.Our resultsshow 1) log-
chromagramshingles separateremixed from non-remixed content
with 75%-75%precision-recallperformance,cepstralcoefÞcientfea-
turesdo not separatethe two distributionsadequately2) increasing
theobservationsfrom theremix distribution increasestheseparabil-
ity. EfÞcient implementationfollows from the separabilityof the
distributionsusinglocality sensitivehashing(LSH) whichspeedsup
automaticgroupingof remixesby betweenoneto two ordersof mag-
nitudein a2018-songtestset.

Index TermsÑ Music,Statistics,LSH, Shingles,Databases

1. INTRODUCTION

TodayÕslargecommercialmusiccollectionscontainmillionsof songs
andtheirassociatedmetadata. Oneof themajorchallangesfor man-
agingsuchcollectionsis identifying andeliminatingÕduplicateÕen-
tries,that is, catalogueitemsthatarecloselyrelatedfrom theusersÕ
perspective. In a commercialcatalogue,songsmay be considered
closely relatedeven if their spectralcontentis not similar for the
mostpart. This is the casewith remixesÐa vocal sampleis taken
from a sourcerecordingandsummedinto a completelynew musi-
cal work createdby a produceror DJ. Eventhoughthenew songis
almostentirelycomposedof differentmaterialfrom thesource,the
two songsarepresentedasdifferentinstancesof thesametitle to the
user. For example,the Madonnatrack NothingFails has10 differ-
ent versionsincluding the remixesNevins Mix, JackieÕs In Love In
TheClub Mix, NevinsDub Mix, TracyYoungÕs Mix, Big RoomRock
Mix, ClassicHouseMix andaRadioRemix. Usernavigationof such
cataloguescanbecomeweigheddown with theseduplicateentries
thus impactingbrowsing efÞciency, obscuringthe usersqueryand
reducingsales.

Theproblemis closelyrelatedto thatof near-duplicatetext doc-
umentsfound on the World Wide Web. Searchenginetechnology
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hasbeendevelopedto eliminatenear-duplicateor derivative items
from internetsearchesusingthetechniqueof shingling[2]. In previ-
ouswork we demonstratedtheuseof audioshingleson a derivative
work (remix) retrieval taskandwedemonstratedthatanefÞciental-
gorithmbasedon locality sensitive hashing (LSH) couldefÞciently
identify themin acollectionof 2000songs,[4].

Our new contributionsin this paperare1) a remix recognition
algorithm2) a statisticalanalysis of thepropertiesof remixesin au-
dio featurespace3) experimentalevidencethat the remix problem,
asstated,is well-posed4) detailsof efÞcientimplementationusing
locality sensitivehashing.

The structureof the paperis as follows: we review different
approachesto audio similarity in Section2, we develop a model
for remix processesusing distributions of Euclideandistancesbe-
tweenaudioshinglesin Section3, we thengiven detailsof remix
recognitionalgorithms in Section4 and we presentthe resultsof
remix recognitionexperimentson a 2000songdatasetin Section5.
We concludewith the implicationsof our resultsfor efÞcientaudio
matchingapplicationsin Section6.

2. PREVIOUS WORK

Thereisawidespectrumof previousworkcoveringarangeof music-
similarity tasks: from very speciÞcÞngerprintingwork [9][17] to
genrerecognition[18][12]. This work falls in themiddle. We want
to Þndsongsthat aresimilar, but not exactly like anothersong.Our
tasksneedsbothnew featuresÐwedonÕt expecttheveryspeciÞcfea-
turesusedin Þngerprintingto workÐandanew matchingcriteriabe-
causeweexpectthatremixeswill havesegmentsrearrangedandnew
materialinserted.

Our similarity deÞnitionmeansthat our work is differentfrom
thework thathasbeendoneonaudioÞngerprinting[14][15][16][17].
With Þngerprintinguserswantto Þndthenameof a recordinggiven
a sampleof the audio. The secretsaucethat makesÞngerprinting
work is basedon deÞningrobust featuresof the signalthat lendthe
songits distinctive character, andarenot harmedby difÞcult com-
municationschannels(i.e. a noisy baror a cell phone).Thesesys-
temsassumethatsomeportionof theaudiois anexactmatchÑthis
is necessarysothey canreducethesearchspace.We do not expect
to seeexactmatchesin remixes.

At theotherendof thespeciÞcityscale,genre-recognition[18],
globalsongsimilarity [12], artist recognition[5], musicalkey iden-
tiÞcation[11], andspeaker identiÞcation[13] usemuchmoregen-
eral modelssuchas probability densitiesof acousticfeaturesap-
proximatedby GaussianMixture Models. Theseso-calledbag-of-
featuremodelsignore the temporalordering inherentin the signal
and,therefore,arenot ableto identify speciÞccontentwithin a mu-
sicalwork suchasagivenmelodyor sectionof asong.
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2.1. Matching with Locality Sensitive Hashing

Our audio work is basedon an important web algorithm known
asshinglesanda randomizedalgorithmknown aslocality-sensitive
hashing(LSH) [2]. Shinglesarea popularway to detectduplicate
webpagesandto look for copiesof images.Shinglesareonewayto
determineif anew webpagediscoveredby awebcrawl is alreadyin
the database.Text shinglesusea featurevectorconsistingof word
histogramsto representdifferentportionsof adocument.ShinglingÕs
efÞciency at solving the duplicateproblemis due to an algorithm
known asa locality-sensitive hash(LSH). In a normalhash,oneset
of bits (e.g. a string) is transformedinto another. A normalhashis
designedso that input stringsthatareclosetogetheraremappedto
very differentlocations in theoutputspace.This allows thestring-
matchingproblemto be greatlyspedup becauseitÕs rare that two
stringswill have thesamehash.

Our previous work we showed that matchedÞlters,andthere-
fore Euclideandistance,using chromagramand cepstralfeatures
performswell for measuringthesimilarity of passageswithin songs
[3][4]. The currentwork appliesthesemethodsto a new problem,
groupingof derivedworksandsourceworks in a largecommercial
databaseusinganefÞcientimplementationbasedonLSH.

3. MODELING REMIXES

3.1. The Dataset

Thedataconsistof 2018songschosento bethecompletecatalogues
of two artists(Miles Davis andMadonna)drawn from the Yahoo!
Music Universaldatabase.In this paperwe focuson remixes in the
setof Madonnasongs,weusetheMiles Davis songsasanextended
databaseto testrobustnessagainstdifferentartistsÕmusicdata.The
full catalogueof Madonnasongshasa higherproportionof remix
worksthanworkswith no remix versions.

3.2. Features

The remix songssharea small aspectof their content,usually a
prominantvocalsample.Thesampleis speciÞc,soweseekthespe-
ciÞcaudiocontentsharedbetweensongs.However, thedifferencein
context canbesigniÞcantÐcomprisingdifferentsetsof instruments
(bass,keyboards,drums,etc.)anddifferentrhythmic/ melodiccom-
ponentsbetweenremixedshingles. Sowe seekfeaturesthatare ro-
bust to thechangein context. To this endwe choosea pitch-based
feature(PCP)so that the speciÞcpitch-sequencecontentusedin a
remix is represented.

3.3. Additi veNoise/ SilenceRemoval

We assumea volumeprocessapplied to a songwith additive noise.
We do not want silenceor noiseto be includedin the matchesbe-
tweensongssincethesetwo processesaregenericto all songsand
would corrupt the recognitionof similar content. We removed si-
lenceby thresholdingaudiosegmentsby thegeometricmeanof the
shinglesÕpower in eachsong. Whilst this may seeman aggressive
threshold,it is alsoreasonableto assumethat remix contentwill be
prominantaspectsof thesong.

3.4. Audio Features

WeextractedLog-Frequency CepstralCoefÞcients(LFCC)andpitch-
classproÞles(PCP)asfollows: featureswereextractedfrom uncom-
pressedaudiosourcedfrom the Yahoo! Music database.All Þles

were44.1kHzstereo,mixed to mono, 16384-pointhammingwin-
dowedwith 4410-samplehopanda 16384-ptDFT computedusing
theFFT. Thewindow sizewaschosensuchthattwo frequency sam-
pleswereavailablefrom the DFT for the lowestpitch classC0 =
65.4H z. Thebandedgeswerechosenat themid point (quatertone)
betweenchromaticpitch classeswith the low edgeset to 63.5H z
andhighedgeof 7246.3H z, aquatertoneaboveA7.

The 8193DFT magnitudeswereassignedto pitch classbands
with samplesnearthebandedgessharedproportionallybetweenthe
bands[1]. The remainingDFT coefÞcientswere disposed. The
pitch-classassignmentswere then folded into a single octave by
summingoverall octavesfor eachpitchclass,and thelogsof theval-
uesweretakenyieldingthe12-dimensionalpitch-class-proÞle(PCP)
vectorevery100ms.

The LFCC featuresusedthe sameconstant-Qtransformasthe
PCP, thenthelog of thevalueswastakenandtheresult transformed
to cepstralcoefÞcientsusing the DCT yielding 20 coefÞcientsper
100ms.We notethat this featureis a slightly modiÞedform of the
widely usedMFCC feature.

3.5. Audio Shingles

Audio shinglesconcatenatefeaturevectorsinto high-dimensional
vectors.Informedby previousstudies[4][10] weusedwindow of 4s
with a hopof 0.1s yielding 10H z ! 20d ! 4s = 800" dimensions
for LFCC and10H z ! 12d ! 4s = 480" dimensionsfor PCP.

4. RECOGNIZING REMIXES

WeÞrstproposeremixrecognitionasatestbetweentwo songs;soto
identify all remixesin a database,all pairsof songsmustbe tested.
We later show how to recognizeremixeswithout exhaustive selec-
tion from thedatabasewith full controlover potentiallossof accu-
racy.

Let A , B # { S} denotetwo songsdrawn randomly from a
databaseandxi # A , yj # B be shinglesdrawn from the songs.
We thendeÞnetheremixdistance:

! remix(A , B ) =
X

N

N
min
i,j

X

k

|xi
k " yj

k|2 ,

this is the sumof the N minima of the pair-wise shingledis-
tancesbetweenthe songs. Theseare obtainedby sorting the dis-
tancesin acendingorderandsummingtheÞrstN values.Thecom-
plexity of thisclassiÞer, asstated,is O(n2 + log(n)) in thenumber
of shinglesin thedatabase.However, thesortcanbecomputedefÞ-
ciently, ascanthepair-wisedistancecomputations.

To classify, deÞnea scalarthreshold,r 0, on the remix distance
andperformthetest! remix(A , B ) < r 0. If theremix distancefalls
below thethresholdwe labelthesong-pairasa remix.

4.1. JustiÞcationof the thr esholdapproach

The parameterr 0 is critical in our method,andseemsat Þrstover
simplistic.To justify its usewe conductedanexperimentchord root
recognitionon variedsyntheticcomplex-toneaudiodata. The data
consistedof 120 chordsfor 12 pitch-chromaclass.We synthesized
audiousingMatlabby additivesynthesiswith randomlyvarying har-
monics,formantfrequencies,noteoctaves(7-octaverange)andnote
intensities.Chordinversionswereusedsotheroot randomlyvaried
in thevoicing. Betweentwo andsix noteswereusedchosenfrom the
majorandminor triadsfor eachpitch class.ClassiÞersweretrained
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Fig. 1. Distribution of remix and non-remixbetween-songshin-
gle distancesandGMM Þt to remix distribution (only) showing the
choiceof thresholdasa likelihoodratio of two classes(True Posi-
tivesandFalsePositives)in thetargetremix distribution. TheFalse
Positivesareclearlydrawn from thenon-remix distribution.

onasubsetof 70%of eachclass,with 30%heldbackfor testing.All
classiÞersweretrainedandtestedon thesamerandompermutation
per10-foldcross-validation.

ClassiÞerswere 1) 12-way supportvector machineclassiÞers
with alinearkernel(SVM-Lin) 2) polynomialkernel(SVM-Pol) and
3) k-NN classiÞer, with k = 12, consistingof themeanvectorof the
trainingdataframesfor eachpitchclass.

Table 1. Performanceof kernel-feature-classiÞercombinationsin a
chord-rootclassiÞcationexperiment

ClassiÞer linearPCP log PCP LFCC
SVM-Lin 75.2 99.9 23.74
SVM-Pol 98.2 99.8 45.81
k-NN 77.1 98.5 21.33

We infer from Table1 the following: 1) PCPwith logarithmic
kernelincreasesseperabilityof similar harmony contentin thepres-
enceof acousticvariation2) the increaseis dueto the existenceof
thresholddiscriminantin thekernelspace3) thek-NN classiÞerper-
formsaswell astheSVM-Lin classiÞerusingPCPwith logarithmic
kernelalsoreenforcingthe existenceof a discriminating threshold.
This intermediateresultmotivatesour choiceof featureandchoice
of thresholdclassiÞerfor identifyingsimilarshinglecontentbetween
remixes.

4.2. Estimation of the thr eshold

To estimatethethresholdwe choseN = 10 andÞt theremix distri-
bution of shingledistanceswith a mixtureof two Gaussians.Figure
1 shows thedistributionsof ! remix shown above over theMadonna
songsdividedby groundtruth into remix andnon-remixclassesfor
N = 10. The Þgureshows a Þt of the remix distribution with a
mixture of two gaussians.The remix distribution can be seento
becomposedof truepositive (TP) remix shinglesandfalsepositive

(FP) shinglesthat areactuallydrawn from the non-remixdistribu-
tion. We choosethe thresholdr 0 usingthe likelihoodratio test for
thetwo gaussiansÞtto theremixdistribution. Assumingthedataare
independentandidenticallydistributed(i.i.d.):

P (x1, x2, . . . , xN |µ1, " 1)
P (x1, x2, . . . , xN |µ2, " 2)

=
e− |

P
k xk −Nµ1 |2

σ2
1

e− |
P

k xk −Nµ2 |2
σ2

2

> = #0

in the GMM examplein Figure1 #0 = 1. Note that the vari-

anceof orderdistributionsgo as σ2
k

N . So increasingN reducesthe
varianceand, therefore,also the degreeof overlap in the two dis-
tributions. The reducedoverlap resultsin increasedclassiÞerper-
formancebecausewe reducethe samplingerror with more sam-
ples from eachsongpair. However, the proportionof remix shin-
glesbetweenremixedsongsis smallcomparedto theproportionof
non-remixedshingles.This is becauseremix songsare oftenbased
arounda small fragment,or a numberof such fragments. If we
chooseN too largeweexhaustthesupplyof availableremixedfrag-
mentsandwe startto draw from the classof non-remixed shingles
within theremixedsong.

4.3. Locality SensitiveHashing

Using the thresholdr 0 asa searchradiuswe usedthe E 2LS H al-
gorithmto hashtheshinglesandretrieveonly thosebelow threshold
[6][8][7]. Useof the LSH algorithmremovesexplicit computation
of thebetween-shingledistancesasit is implicitly estimatedby LSH
hash.Thoseshingleswhosedistancesarewithin r 0 of eachotherwill
fall in thesamehashbucket with probability1 " $. Thetrade-off in
thealgorithmis betweenthespeedandaccuracy andis controlledby
the1 " $term.

We modify the stepsin the remix recognitionalgorithmto use
LSH in thefollowing way. Insteadof computing! remix(A , B ) we
hashtheshingles(xi, yj) by projectingagainstaÞxedrandombasis
V N (0, 1). Eachprojection hashestheshingleto therealline which
is choppedinto equal-lengthsegments.Thesizeof thehashbuckets
is determinedby the radiusparameterr 0. Collisions are chained
with probability1 " $of shingleswithin a distancer 0 of eachother
falling in thesamebucket for eachvectorv # V . Becausethis hash
tableis solarge,consistingof theentirerangeof distanceswithin the
dataset,asecondaryhashtableis constructedthatchainsthesparsely
populatedprimaryhashes.

To efÞciently retrieve all the shingles within the databasethat
fall within r 0 of eachother, wesimply notewhich hashbucketscon-
taincollisions.Theproportionof thedatabasethatcausedcollisions
is very smallcomparedto thesizeof thedatabase,sowe collectthe
indexesof thosepointsandperformtheEuclideandistancecalcula-
tion.

This exact distancecalculationis thresholdedusingr 0 andthe
pointsremainingareassociatedwith theircorrespondingsongs.Now,
for eachsong,if therearecloseto N = 10 shingleindexesremain-
ing wesaythatthereis aremix in thedatabase,andwesimply locate
theothersongsby inspectingtheindexesof thecollidedshingles.

Thespeedupfactorfor LSH over thepair-wiseshingledistance
computationis betweena factorof 10 and100usingthecurrentim-
plementationthisalgorithm.

5. RESULTS

Theresultsof our remix retrieval experimentareshown in Figure2.
Thedashedlineon theÞgureshowsperformancefor theexactalgo-



rithm with distancethresholdsetto r 0 = 0.2. Theremaining lines
show the performanceof the approximate(LSH) algorithm using
thresholdsr 0 = 0.04, 0.1, 0.14, 0.16, 0.18, 0.2 to show the affect
on performanceaswe approachtheoptimaldecisionboundary. The
LSH algorithm performsextremely accuratelyfor a speedupfac-
tor of betweenoneandtwo ordersof magnitudewhenthe thresh-
old is setneartheoptimal. This highlights the importanceof using
a thresholdestimationmethodasoutlinedabove on someexample
databeforechoosingtheLSH hashbucket sizes.

In our experimentsperformancewasimpactedwith about10%
increasederrorwhenwe introducea largeamountof materialfrom
anotherartist. In this casetheinterferenceis 1712Miles Davis tracks
that arehighly unlikely to overlapwith the TP remix shinglepairs
for Madonnasongs. Thisdecreasein performanceis causedby sim-
ilar features,sowe concludethat the log-PCPfeaturemight be im-
proved.

Fig. 2. Resultsof remix retrieval on306madonnasongsusingexact
andapproximate(LSH) algorithms.(Figure reproducedfrom [4]

6. CONCLUSIONS

Wehaveshown thataasimilarity measurebetweensongsusingonly
smallpartsof thesongcanbeusedeffectively to identify songsthat
arerelatedasremixes.We usedthedistributionsof inter-songshin-
gledistancesandshowedthatseparationof thetwo distributionscan
be achieved by choosinga suitablethresholdon the distancesand
that this thresholdcould be estimatedfrom examplesusinga mix-
ture of Gaussians.With a suitablekernelspacewe showed that a
thresholdclassiÞercanbe usedfor robust audiomatchingfor mid-
speciÞcityproblemssuchasremix recognition.

We gave thedetailsof two algorithms,onebasedon exactcom-
putationof between-songshingle distancesandthe otherbasedon
approximateevaluationusing LSH. The resultsof experimentson
a collectionof 306within-artistexamplesshowed that theapproxi-
matealgorithmperformedvery well with respectto theexactalgo-
rithm for aspeedupfactorof between10 and100.

In futurework we hopeto usemorerobustfeaturesto seeif the
degreeof separationbetweendistributionscanbeimproved,thiswill
leadto increasedperformanceandagreaterdegreeof generalisation
of our results.
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