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ABSTRACT

We presentan efbcientalgorithm for automaticallydetectingy
remixes of pop songsin large commercialcollections. Remixes
arecloselyrelatedascommercialproductsbut they arenot closely
relatedin their audio spectré contentbecausef the natureof the
remixingprocessThereforespectramodellingapproacheto audio
similarity fail to recognizethem. We proposea new approacBbthat
chopssongsinto small chunkscalled audio shingle®to recognize
remixed songs.We modelthe distribution of pairwisedistancebe-
tweenshingleshy two independenprocessesBnecorrespoding to
remix contentandthe othercorrespodingo non-remixcontentin a
databaseA nearesheighbouralgorithmgroupssongsif they share
shinglesdravn from the remix process. Our resultsshov 1) log-
chromagranmshingles separateemixed from non-remixed content
with 75%-75%precision-recalperformarce,cepstratoebcientfea-
turesdo not separatehe two distributionsadequatel\2) increasing
the obsenationsfrom theremix distribution increaseshe separabil-
ity. Efpcientimplementationfollows from the separabilityof the
distributionsusinglocality sensitve hashingLSH) which speedsip
automatiggroupingof remixesby betweeroneto two ordersof mag-
nitudein a2018-songestset.

Index Terms\ Music, Statistics|_.SH, Shingles Databases

1. INTRODUCTION

Today8&largecommerciamusiccollectionscontainmillions of songs
andtheir associatednetadataOneof themajorchallange$or man-
agingsuchcollectionsis identifying andeliminating@uplicate@n-
tries, thatis, catalogudétemsthatarecloselyrelatedfrom the users®
perspectie. In a commercialcatalogue songsmay be considered
closely relatedeven if their spectralcontentis not similar for the
mostpart. This is the casewith remixesba vocal sampleis taken
from a sourcerecordingand summednto a completelynev musi-
cal work createdby a produceror DJ. Eventhoughthe new songis
almostentirely composedf differentmaterialfrom the source the
two songsarepresenteésdifferentinstance®f the sametitle to the
user For example,the Madonnatrack Nothing Fails has10 differ-
entversionsincluding the remixes Nevins Mix, Jackie® In Love In
TheClub Mix, Nevins Dub Mix, TracyYoungéMix, Big RoomRod
Mix, ClassicHouseMix anda RadioRemix Usernavigationof such
cataloguesanbecomeweigheddown with theseduplicateentries
thusimpactingbrowsing efbcieng, obscuringthe usersquery and
reducingsales.

Theproblemis closelyrelatedto thatof nearduplicatetext doc-
umentsfound on the World Wide Weh Searchenginetechnology
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hasbeendevelopedto eliminatenearduplicateor derivative items
from internetsearchesisingthetechniqueof shingling[2]. In previ-

ouswork we demonstratethe useof audioshingleson a deriative
work (remix) retrieval taskandwe demonstratethatan efbciental-
gorithm basedon locality sensitve hashirg (LSH) could efbciently
identify themin a collectionof 2000songs{4].

Our new contrikutionsin this paperare 1) a remix recognition
algorithm?2) a statisticalandysis of the propertiesof remixesin au-
dio featurespace3) experimentalevidencethatthe remix problem,
asstated,is well-posed4) detailsof efbcientimplementatiorusing
locality sensitve hashing.

The structureof the paperis as follows: we review different
approachego audio similarity in Section2, we develop a model
for remix processesising distributions of Euclideandistancese-
tweenaudio shinglesin Section3, we then given detailsof remix
recognitionalgaithms in Section4 and we presentthe resultsof
remix recognitionexperimentson a 2000songdatasetin Section5.
We concludewith the implicationsof our resultsfor efbcientaudio
matchingapplicationsn Section6.

2. PREVIOUS WORK

Thereis awide spectrunof previouswork coveringarangeof music-
similarity tasks: from very specibcbngerprintingwork [9][17] to
genrerecognition[18][12]. Thiswork fallsin the middle. We want
to Pndsongsthat aresimilar, but not exactly like anothersong.Our
tasksneedsothnew featuresDerdon®expectthevery specibdea-
turesusedin Pngerprintingo workbanda new matchingcriteriabe-
causewve expectthatremixeswill have sggmentsearrange@ndnewn
materialinserted.

Our similarity dePnitionmeansthat our work is differentfrom
thework thathasbeendoneonaudiobngerprinting[14][15][16][17].
With Pngerprintinguserswantto bndthe nane of arecordinggiven
a sampleof the audio. The secretsaucethat makes bngerprinting
work is basedon debningrobustfeaturesof the signalthatlendthe
songits distinctive characterandare not harmedby difbPcult com-
municationschannels(i.e. anoisy baror a cell phone). Thesesys-
temsassumehatsomeportion of the audiois anexactmatchNthis
is necessargothey canreducethe searchspace.We do not expect
to seeexactmatchesn remixes.

At theotherendof the specibcityscale,genre-recognitiofil8],
globalsongsimilarity [12], artistrecognition[5], musicalkey iden-
tibcation[11], and spealer identibcation13] usemuchmoregen-
eral modelssuch as probability densitiesof acousticfeaturesap-
proximatedby GaussiarMixture Models. Theseso-calledbag-of-
featuremodelsignore the temporalorderirg inherentin the signal
and,therefore arenot ableto identify specibacontentwithin a mu-
sicalwork suchasa givenmelodyor sectionof asong.



2.1. Matching with Locality Sensitve Hashing

Our audio work is basedon an importantweb algorithm known

asshinglesanda randomizedalgorithmknown aslocality-sensitve
hashing(LSH) [2]. Shinglesare a popularway to detectduplicate
webpagesandto look for copiesof images.Shinglesareonewayto

determingf anew webpagediscoreredby awebcrawl is alreadyin

the databaseText shinglesusea featurevectorconsistingof word
histogramso represendifferentportionsof adocunent. Shingling®
efbcieny at solving the duplicateproblemis dueto an algorithm
known asa locality-sensitve hash(LSH). In a normalhash,oneset
of bits (e.g. astring) is transformednto another A normalhashis

designedso thatinput stringsthat are closetogetherare mappedo

very differentlocationsin the outputspace.This allows the string-
matchingproblemto be greatly spedup becauset@ rare that two

stringswill have thesamehash.

Our previous work we shaved that matchedplters,and there-
fore Euclideandistance,using chromagramand cepstralfeatures
performswell for measuringhe similarity of passagewithin songs
[3][4]. The currentwork appliesthesemethodsto a new problem,
groupingof derived works andsourceworksin a large commercial
databasesinganefbcientimplementatiorbasedon LSH.

3. MODELING REMIXES

3.1. The Dataset

Thedataconsistof 2018songschoserto bethe completecatalogues
of two artists(Miles Davis and Madonna)drawn from the Yahoo!
Music Universaldatabaseln this paperwe focuson remixesin the
setof Madonnasangs,we usethe Miles Davis songsasanextended
databasto testrobustnessgainstdifferentartists@nusicdata. The
full catalogueof Madonnasongshasa higher proportionof remix
worksthanworkswith no remix versims.

3.2. Features

The remix songssharea small aspectof their content, usually a
prominantvocalsample. The samplés specibcsowe seekthe spe-
cibcaudiocontentsharebetweersongs However, thedifferencen
context canbe signibPcanti2omprisingdifferentsetsof instruments
(basskeyboardsdrums,etc.) anddifferentrhythmic/ melodiccom-
ponentsbetweerremixed shingles. Sowe seekfeatureghatare ro-
bustto the changein contet. To this endwe choosea pitch-based
feature(PCP)so that the specibcpitch-sequenceontentusedin a
remixis represented.

3.3. Additi ve Noise/ SilenceRemoval

We assumea volumeprocessapplied to a songwith additive noise.
We do not want silenceor noiseto be includedin the matchese-
tweensongssincethesetwo processesaregenericto all songsand
would corruptthe recognitionof similar content. We removed si-
lenceby thresholdingaudioseggmentsby the geometricomeanof the
shingles@ower in eachsorg. Whilst this may seeman aggressie
threshold|t is alsoreasonabléo assumehatremix contentwill be
prominantaspect®f thesong.

3.4. Audio Features

We extracted_og-Frequeng CepstralCoefpcienty LFCC)andpitch-
classprobles(PCP)asfollows: featuresvereextractedfrom uncom-
pressecdhudio sourcedfrom the Yaha! Music database All bles

were 44.1kHz stereo,mixed to mono, 16384-pointhammingwin-
dowed with 4410-samplénop anda 16384-ptDFT computedusing
the FFT. Thewindow sizewaschosersuchthattwo frequeny sam-
pleswere available from the DFT for the lowestpitch classCO =
65.4H z. The bandedgeswerechosenat the mid point (quatertone)
betweenchromaticpitch classeswith the low edgesetto 63.5H z
andhigh edgeof 7246.3H z, aquatertonabo/e A7.

The 8193DFT magnituegs were assignedo pitch classbands
with samplesiearthebandedgessharedproportionallybetweenthe
bands[1]. The remainingDFT coefbcientswere disposed. The
pitch-classassignmentsvere then folded into a single octave by
summingoverall octavesfor eachpitch classand thelogsof theval-
uesweretakenyieldingthe12-dimensionapitch-class-probI€PCP)
vectorevery 100ms.

The LFCC featuresusedthe sameconstant-Qransformasthe
PCR thenthelog of thevalueswastakenandtheresult transformed
to cepstralcoebcientsusingthe DCT yielding 20 coefcientsper
100ms. We notethatthis featureis a slightly modibedform of the
widely usedMFCC feature.

3.5. Audio Shingles

Audio shinglesconcatenatdeaturevectorsinto high-dimensional
vectors.Informedby previousstudieqd4][10] we usedwindow of 4s
with ahopof 0.1s yielding10Hz! 20d! 4s = 800" dimensions
for LFCCand10Hz! 12d! 4s= 480" dimensiondor PCP

4. RECOGNIZING REMIXES

We brstproposeemixrecognitionasatestbetweertwo songssoto
identify all remixesin a databaseall pairsof songsmustbetested.
We later shav how to recognizeremixeswithout exhatstive selec-
tion from the databasevith full control over potentiallossof accu-
ragy.
Let A,B # {S} denotetwo songsdravn randomly from a
databasendx® # A,y’ # B beshinglesdravn from the songs.
Wethendebneheremix distance:

N X ) .
min X" vy
4]

5

N k

!remiz(AyB) = |2

this is the sumof the N minima of the pairwise shingledis-
tancesbetweenthe songs. Theseare obtainedby sorting the dis-
tancesn acendingorderandsummingthe PrstN values.Thecom-
plexity of this classiPerasstatedjs O(n? + log(n)) in thenumber
of shinglesin the databaseHowever, the sortcanbe computedefp-
ciently, ascanthe pairwise distancecomputatios.

To classify debnea scalarthreshold,ro, on the remix distance
andperformthetest! ,cmiz(A,B) < ro. If theremixdistancefalls
below thethresholdwe labelthe song-pairasaremix.

4.1. Justibcationof the thr esholdapproach

The parametery is critical in our method,and seemsat brstover
simplistic. To justify its usewe conductedan experimentchord root
recognitionon varied syntheticcomple-toneaudiodata. The data
consistedf 120 chordsfor 12 pitch-chromaclass. We synthesized
audiousingMatlabby additive synthesisvith randomlyvarying har
monics formantfrequenciesnoteoctaves(7-octare range)andnote
intensities.Chordinversionswereusedsotheroot randomlyvaried
in thevoicing. Betweerntwo andsix noteswereusedchoserfrom the
majorandminor triadsfor eachpitch class.Classibersveretrained
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Fig. 1. Distribution of remix and non-remix between-songhin-
gle distanceandGMM btto remix distribution (only) shaving the
choiceof thresholdasa likelihoodratio of two classeqTrue Posi-
tivesandFalsePositves)in thetargetremix distribution. The False
Positvesareclearlydravn from the nonremix distribution.

onasubsebdf 70% of eachclass with 30%heldbackfor testing.All
classibersveretrainedandtestedon the samerandompermutation
per 10-fold cross-alidation.

Classibersvere 1) 12-way supportvector machineclassikers
with alinearkernel(SVM-Lin) 2) polynomialkernel(SVM-Pol) and
3) k-NN classiberwith k = 12, consistingof the meanvectorof the
trainingdataframesfor eachpitch class.

Table 1. Performancef kernel-feature-classiPeombinationsn a
chord-rootclassibcatiorxperiment

Classiber| linearPCP | logPCP | 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 Table 1 the following: 1) PCPwith logarithmic
kernelincreaseseperabilityof similar harmory contentin the pres-
enceof acousticvariation2) the increasds dueto the existenceof
thresholddiscriminantin thekernelspace3) thek-NN classipeper
formsaswell asthe SVM-Lin classibeusingPCPwith logarithmic
kernelalsoreenforcingthe existenceof a discriminating threshold.
This intermediateresultmotivatesour choiceof featureandchoice
of thresholdclassibefor identifying similar shinglecontentetween
remixes.

4.2. Estimation of the threshold

To estimatethe thresholdwe choseN = 10 andpttheremix distri-
bution of shingledistancewith a mixture of two GaussiansFigure
1 shaws thedistributionsof ! ,.¢,.:» Shavn above overthe Madonna
songsdivided by groundtruth into remix andnon-remixclassedor
N = 10. The bgureshavs a bt of the remix distribution with a
mixture of two gaussians. The remix distribution can be seento
be composedf true positive (TP) remix shinglesandfalsepositive

(FP) shinglesthat are actually drawvn from the non-remixdistribu-
tion. We choosethe thresholdro usingthe likelihoodratio test for
thetwo gaussiantto theremixdistribution. Assumingthedataare
independenandidentically distributed(i.i.d.):
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in the GMM examplein Figurel #, = 1. Notethatthe vari-

anceof orderdistributionsgo as%. SoincreasingN reducegshe
varianceand, therefore,also the degree of overlapin the two dis-
tributions. The reducedoverlapresultsin increasedclassiberper
formancebecausewe reducethe samplingerror with more sam-
plesfrom eachsongpair. However, the proportionof remix shin-
glesbetweerremixed songsis small comparedto the proportionof
non-remixed shingles.This is becauseemix songsare often based
arounda small fragment,or a numberof suchfragments. If we
chooseN toolargewe exhaustthe supplyof availableremixedfrag-
mentsandwe startto drav from the classof non-remixed shingles
within theremixedsong.

4.3. Locality Sensitve Hashing

Using the thresholdr, asa searchradiuswe usedthe E?LSH al-
gorithmto hashthe shinglesandretrieve only thosebelow threshold
[6][8][7]. Useof the LSH algorithmremoresexplicit computation
of thebetween-shingldistancessit is implicitly estimatedy LSH
hash.Thoseshinglesvhosedistancesrewithin ro of eachothewill
fall in the samehashbucket with probabilityl™ $ Thetrade-of in
thealgorithmis betweerthespeedandaccurag andis controlledby
thel" $term.

We modify the stepsin the remix recognitionalgorithmto use
LSH in thefollowing way. Insteadof computing! ,.cmiz(A,B) we
hashtheshingle(x?, y?) by projectingagainsta Pxedrandombasis
V N (0, 1). Eachprojectian hashesheshingleto therealline which
is choppednto equal-lengttsegments.The sizeof the hashbuckets
is determinedby the radiusparameterro. Collisions are chained
with probabilityl " $of shingleswithin adistancer of eachother
falling in the samebucket for eachvectorv # V . Becausehis hash
tableis solarge,consistingof theentirerangeof distancesvithin the
datasetasecondry hashtableis constructedhatchainsthesparsely
populatedorimary hashes.

To efbciently retrieve all the shingles within the databasehat
fall within ro of eachothemwe simply notewhich hashbucketscon-
tain collisions. The proportionof the databasé¢hatcausectollisions
is very smallcomparedo the sizeof thedatabasesowe collectthe
indexesof thosepointsandperformthe Euclideandistancecalcula-
tion.

This exact distancecalculationis thresholdedusingr, andthe
pointsremainingareassociatewvith theircorrespadingsongs.Now,
for eachsong,if therearecloseto N = 10 shingleindexesremain-
ing we saythatthereis aremixin thedatabaseandwe simply locate
the othersongsby inspectingtheindexesof the collidedshingles.

The speedugactorfor LSH over the pair-wise shingledistance
computationis betweerafactorof 10 and100usingthe currentim-
plementatiorthis algorithm.

5. RESULTS

Theresultsof our remix retrieval experimentareshovn in Figure2.
Thedashedine onthe bgureshavs performanceor the exactalgo-



rithm with distancethresholdsettoro = 0.2. Theremainirg lines
shav the performanceof the approximate(LSH) algorithm using
thresholdsro = 0.04,0.1,0.14,0.16,0.18, 0.2 to shav the affect
on performanceswe apprachthe optimaldecisionboundary The
LSH algorithm performsextremely accuratelyfor a speedupfac-
tor of betweenone andtwo ordersof magnitudewhenthe thresh-
old is setnearthe optimal. This highlights theimportanceof using
a thresholdestimationmethodas outlined abose on someexample
databeforechoosingthe LSH hashbucket sizes.

In our experimentsperformancevasimpactedwith about10%
increasecerrorwhenwe introducea large amountof materialfrom
anotheiartist. In this casetheinterferenceas 1712Miles Davis tracks
thatare highly unlikely to overlapwith the TP remix shinglepairs
for Madonnasongs. This decreasén perfamanceis causedy sim-
ilar features so we concludethatthe log-PCPfeaturemight be im-
proved.

Performance of Remix Retrieval on 306 Madonna Songs
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Fig. 2. Resultsof remix retrieval on 306 madnnasong usingexact
andapproximatgLSH) algorithms.(Figure reproducedrom [4]

6. CONCLUSIONS

We have shavn thataasimilarity measurdetweersongsusingonly
smallpartsof the songcanbe usedeffectively to identify songsthat
arerelatedasremixes. We usedthe distributionsof inter-songshin-
gledistancesindshavedthatseparatiorof thetwo distributionscan
be achieved by choosinga suitablethresholdon the distancesand
that this thresholdcould be estimatedrom examplesusing a mix-
ture of Gaussians.With a suitablekernel spacewe shoved that a
thresholdclassibercanbe usedfor robust audio matchingfor mid-
specibcityproblemssuchasremix recognitian.

We gave the detailsof two algorithms,onebasedn exactcom-
putationof between-songhngle distancesandthe otherbasedon
approximateevaluationusing LSH. The resultsof experimentson
a collectionof 306 within-artistexamplesshoved that the approxi-
matealgorithmperformedvery well with respecto the exactalgo-
rithm for a speedugactorof betweenl0and100.

In future work we hopeto usemorerohustfeatureso seeif the
degreeof separatiometweerdistributionscanbe improved, thiswill
leadto increasegerformancendagreaterdegreeof generalisation
of ourresults.
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