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APPARATUS AND METHODS FOR MUSI C SI GNAL ANALYSI S The
invention relates to an apparatus and net hod for

wore@slodiipy | ayers in a nusic signal. The i nvenPCDRGHI0%000299

relates to an apparatus and nethod for nodelling
chords of a nusic signal. The invention also relates
to an apparatus and nethod for nodelling nusic region

o arEpRRAr(R Ain Miops Bou BIGHG SRgRAXCARRARK SR

musi ¢ signal. The invention also relates to an

apparat us and nethod for deriving a vector for a frane ,
Tfe iavensivs f¢laes tnisanpassiusRaf .merlmig fonnodelliag lagiespin a music signal.
Tl ffe%?lo{i glsg '}?IQQ:Q% &t %biaa@aﬂg SRAeELd Rk nﬂﬁ‘éﬁ%@ bl of 3 music
simlarity between a duery nusic Segnent and~a store
sigitil. The éaeRtibn alst r¢laee it anyppasiusiand mesisidnfiph ynodelap fuisic
technol ogy has nmade it_easier to conpress, distribut

np
ragign €PwER ofiagnysis sigaali Thedlgieniion alspiglates iq an ppparatus and method
' ' it I d
o {iERe S CEHBARA hithic ol THELARIRGL A% 88 & difpparatus an
mrthod £ klenvinmasiector &trrai feanad off astokenizeahusic sighiledhé tryention also

musi ¢ signal s according.t he. rel evangce tp a query of .
relzias T P AR Bp RS for defgging i ficy Begect § aderY music
RpSkAt dndfaQidred hBiclsegmemyal (M R) application for

popul ar songs is a raw audi o format. The chal | enges of

a MR systeminclude effective indexing of nusic

I nforpation tha Ny L ek

R bR s R gl BB oo b sl 883X pompress.
aadbhehbs bofedigitaviacdigositdnt] Tigré Bah inasisiigdemarnsii for the
dat abase by rel evance score, Many MR systems hav

S0 : A e
dexelopmepictiierls fonayiamals 1adex g g TerigvalaR usifcigeordings. One task
i e it e e
R T R AT s Lopmgsynt, e oo
quesy of eaoktof the nmussd sigple One fomdt ofi musierie aiomshd iDforfratiom retrieval

the.inf ti tri d hi th
GBI apblinelon BT oRRpr Hoiee o S Ao BESURBER T HMIR
%&eﬁﬁnolﬁ@é’ SRR ifex Rl TARESRIdrRhliSl thél fubpbftd Aln-time quick

ince the nmel ody information of both query C{\)’Iorti ons,
seardh sasngrattauehaesprosontations the susiedesdspserdaidvobpst retrieval

ffor [ '
Bropafngaelahe bR FREe S PIYGRRe! & onophoni ¢

and/ or pol yphonic nature) and to text-based retrieval

nodel s. The retrieval nodels in those
Many MIR systems have been reported; two such examples are references [1][2]. The

MIR communities initially focused on developing text-based MIR systems where both
database music and the music query portions were in MIDI format and the information
was retrieved by matching the melody of the query portion with the database portions as
in, for example, references [5][6]{71[11][24]. Since the melody information of both
query portions and song database portions are text based (MIDI), efforts in this area
were devoted to database organization of the music information (monophonic and/or
polyphonic nature) and to text-based retrieval models. The retrieval models in those
systems included dynamic programming (DP) [81[12]{24], n-gram-based matching
[61[11] [24].
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systens included dynam c programm ng (DP) [8][12][24],
n-gram based matching [6][11] [24]. Recently, with the

wa@dadeansEs7 i n i nformation technol ogi es, the M RPCT/SG2007/000299

conmunity has started | ooking into devel oping MR
systens for nusic in raw audio format. One popul ar
exanpl e of such systens are the query-by-hunm ng
systens [5] [12], which allow a user to input the
query by humm ng a nelody line via the m crophone. To
Riemdy, withshaadhanedsfinidferthation tbehmplogied sthe dRx¢omsmunitshias

|tch contours f[omt hunmmed_. audi 0,. and téf gu%ﬁléag
astedileakang igisydsveioning Syieres fon anysisy ip Fay cudigdpifpat One
ﬂo?ﬁlaﬁgialﬁimlg ﬁgée%ﬁﬁﬁﬁémg he tHéJ%Eél’y B GudriEn S8y sRhys ES?{"IQP WWHich

sic signafs.” Autocorrelation
aﬂiawrmmentoanwt}thq: qudrg by bamahisg aniededydine md@mnucr@hon@ To do so,
re extraction

8 M OB e B PP e e i
aﬁﬂtt& Bm@cpﬁ‘ Fe@idval FRARINHANREhsGdS tHeslevarte [bdiwdel jthd ﬂlﬁ&h. contour of
fixed &qgﬂaudl 0 segnentation, spectral and pitch

thogtasy amt le«hecqnécatra pkthe antencbrig@ws%an% Aptecogreation [S],

siml.arit r

o it oo Boethne MRURHE fadHonpraci ) are
sbﬁié&lf sige tethnigudlitigh hyvedisea ichlpboyte dbr emtxhémgpltchmngmr from
share an identical nel o%}egtga r. Htherto, existin

hynroed qucsigt 18 (49N Haliee I SeBEPIHH. RGBT R PTch
do?itcolﬂl? §ens§ féeﬂﬁﬁ%@ .tsuleQ{' c?,éseg b hReGré BnliRGity RAGBENHBEE clips.

ome optional features of the invention are
defined in the dependent clains. A systemin

ccordapce w.t or f the.J ndepe

Seoicndee mehaydeStfishisvalSads e RERE B Hech iR nighly
;ﬁﬁgbfe%a{t'd@ffcﬁént sogd $hafe i iABRWAI Hheloy RbRGEr. Blithets) 63(.1st1ng MIR
such as a popul ar “song can be characterlsed by | ayered

systsing sauply bave rotiadfisssedithis and AdeLEPYeS: ti mi ng,
har nony/ mel ody and nusi c regi on content. These
properties will be discussed in nore detail bel ow

TheGRvention $¢ @Tinead es thefidepeid@diipLirims: [Soimd aptidnal deatstes of the
events in |layered nusic information as the indexing
ingenvioniaes drsumerl in the dspendenigflailisi ¢ in vector space. In
general a systemin accordance with one or nore of the

i ndependent cl ains may provide nusicians and schol ars

A godtantihatcosdaace vithroae st mmbye off the éndependenisélaials o edessa novel

fre]:mework for music content indexing and retrieval. In this framework, a piece of
music, such as a popular song can be characterised by layered music structure
information including: timing, harmony/melody and music region content. These
properties will be discussed in more detail below. Such a system uses, for example,
chord and acoustic events in layered music information as the indexing terms to model

the piece of music in vector space.

In general a system in accordance with one or more of the independent claims may
provide musicians and scholars tools that search and study different musical pieces of
similar music structures (rhythmic structure, melody/harmony structure, music

descriptions, etc); help entertainment service providers index and retrieve the songs of
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simlar nusic structures (rhythmc structure,
nmel ody/ har nony structure, nusic descriptions, etc);
whedop/08rber t ai nment servi ce providers index aneCT/SG2007/000299
retrieve the songs ofsimlar tone and semantics in
response to the user queriesqwhich are in the form of
music clips, referred to as query-by-exanple. The
resent invention.w || L. .
BT S BANSRARE oo PR B 88 Gl EE fnicRortBnetomm of
néllsavdlipe Srefefredio 6d\gudri-BweRarkples a diagramiillustrating
a novel franmework of a nusic signal in nmultiple
| ayers; Figure 2 is a block diagramillustrating an
The B Rk Roh LA ARRGLAINE G PP MO Biwich
réfetensd toahe ?@ompaayingidta@vingm verich:pr ocess fl ow for an
appar atus, for determnin snmal | est. note l.engt.h of, .
K7 & 4 G RSB D pReRHLAGRT: pEREE PR
18KPut signals at different check points in the
rocess of Figure 3; Figure 5 is a block diagram )
Higure:2 tis ablionk deagraam ghistraieng anearglitecpire fu s apparaius dor madelling
apparatus .far nodel ling chords of a nusic signal;
I@EBUP@ r%uﬁI%Slﬁn%f?agram illustrating a transf o?mati on of
96189 ¢s §BRER dfdghdre lueastidd angchitectird &ad plocesy flmcSor an apparatus
scal e as used in the apparatus of l;i&?ure 5; Figure 7

fprdeterpliniag agmaled meie lergik phe ygicsgndkchi t ect ure of an

na, for. i NG TUSIL G T eq] o
SRR kB PR G o e i
prodesssofrEigue@; si ngul ar val ues from OSCCs and MFCCs for

PV d Pl f ; i i i
AT NICL A TEENEY AT ) ME—

f{}%@b&dﬁﬁ%é}ﬁﬁds SORhEiHelhAY a vector for a frame of a

eni sed nusic signal, and determning a simlarity
Mgtrebena diageeen flusurating segrséormatian ofogtes ssdlerfiltsi positions to

e s By Pl Lot ot o o

R8s at i slRk dikgrat ifusBating an architecture of an apparatus for modelling
music region content of a segmented music signal;

Figure 8 is a graph illustrating singular values from OSCCs and MFCCs for PV and PI
frames;

Figure 9 is a block diagram illustrating an apparatus for tokenising a segmented music
signal, constructing a vector for a frame of a tokenised music signal, and determining a
similarity between a query music segment and a stored music segment;

Figure 10 is a block diagram illustrating a process flow of a tokenisation process for the
apparatus of Figure 9;

Figure 11 is a diagram illustrating a vector representation of a music frame;

Figure 12 is a diagram illustrating a second vector representation of a music frame;
Figure 13 is a block diagram illustrating the comparison of a query music segment and a
stored music segment using the apparatus of Figure 9;

Figure 14 is a bar chart illustrating average correct chord detection accuracy;

Figure 15 is a chart illustrating the average retrieval accuracy of songs;
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Figure 11 is a diagramillustrating a vector

representation of a nusic frame; Figure 12 is a
wale@gnoarmi | | ustrating a second vector represenPer/s6monhH00299

a nmusic frane; Figure 13 is a bl ock diagram

illustrating the conparison gf a query nusic segnent

and a stored nusic segnent using the apparatus of

rigl¥ 450 0 pr BBt S el ! SRt By pL Figure

A chart illustrating the average retrieval accuracy of
songs; Figure 16 is a block diagramillustrating a @re )
Figarail 7 dga fpwiegramyillusiisiing grigipestensiof theebor mpg?}rOé jgpre 5;
. L i . . N iy

iR A5l A BRI AR S0l bfons o
lidehtBéquehiyngake for enafutaticat sf@SOE fettraweigrialueed fdr tveeal and

positions to |inear frequency. scale for conputation of
leﬁwefnéaétne@@n%ﬂndﬁoq@ﬂ%q@dﬁ%ﬁbe&@%%ﬁoug%e‘ﬁe #PAmrent al

0021681 b PBw s ifgkialn 8 BRGNS REs SCAY ThdtGn Y&dhd GMMs
%E’EJQ&?S%‘J?Q v1‘/9 %’g alfl ove\l/ glgagr am i%l ugt rating the

daffagure ig steps of the first and second GWbs of Figure

7. A challenge for MR of nusic in raw audi o format,
addressed by the techni ques disclosed herein, is to

A GRAIRSGE ForMIR BESSic GPHweaildid Remul addrettad by wehriglyes
vocal and song structure information holjstica

[ 1y.
discjosed herei, i iorrepressat fheapusieontans inchiiies beEAYRRdy, vocal and
s%r o‘éf&gc %ee}m%?r\ﬁ%!io fﬁcﬁgﬁx\ﬁ{fﬂ Qfe {Hisfated Hﬂﬁt {nk WRNREK techniques
58 e ' deconposas & music s gnal in a

provVides 4 ayel fingewesefor atusien: at a first level 102,
timng data of the song is extracted fromthe nusic
signal wth a nusic segnentation process, referred to

'Qget FamAF &tk 1902¢ %H?l?@ MBOLAIRE & mhkik SigRACGASAulti-layer

ermnes a snallest note length of the nusic signa
rpesématiinscussed in greater detail with reference to
Figure 3. at a second, higher, level 104, "chord
events" are nodell ed and derived to capture the

har, Moy, 45189800 QlinilBi dtaf ¥R i et as fad Tl themusic signal

greater detail with reference Figure 5. .
with a music segmentation process, referred to as a "beat space segmentation”.
This process determines a smallest note length of the music signal and is
discussed in greater detail with reference to Figure 3.

e at asecond, higher, level 104, "chord events" are modelled and derived to
capture the harmony information This process is discussed in greater detail with
reference Figure 3.

e at a third, yet higher level 106, the content of music regions is captured. This
process is discussed with reference to Figure 7.

o the fourth, yet highest, level, 108, can be considered the structure level, within
which the other three layers 102, 104, 106 can be considered to fall within. The

song structure is defined by semantic meaning of the song: the intro 110, verse

112, chorus 114, outro 116 and bridge 118.
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at a third, yet higher level 106, the content of nusic
regions is captured. This process is discussed wth

WO edosoane®e to Figure 7. the fourth, yet hi gheBCT/SG2007/000299

| evel, 108, can be considered the structure |evel,
within which the other three lqyers 102, 104, 106 can
be considered to fall within. The song structure is

11%'@%2?3%% 1?%%’1% Eor da %g(hgé the uglﬁdstt uaeg%trlglgure 1.Ttis

thedlagrevHich gictatesythe tidid dft bigc ﬁ1<'gti£1dWHeﬁ in@f prob®ds mixing

dal structure of Figure 1. It is the |aye
%‘fvﬂl%ﬁle aptes gnyg?@%’f Hethe PRivRBORE mysieya harmgny dige is gigatedyt ﬁw@by

@f@@(ﬁﬁg &e@b&‘éﬂﬂ%ﬁ@%l lbkl R SR Fﬁr&&@&f ke b&g&lﬂ%x}%al (PBypure vocal

pol yphoni ¢ nusi C, harnmony line 1s crea
Yok mnmglenhénmmall @yBF) ailﬂéﬂﬁfce {85 comprifiag tatthida layer 106,

e IS EE D gt PEhcaItSRY b s iy mear music
Shiendd regysy (S}8R, tha k&iddRQvRbIS have'i fé@ﬁuﬁl@ ?rfusﬁ:qﬁclgﬁmg

seen in nusic. PV regions are ra i N popu musi c
pnaticegble é@ﬁ%mfl By skoreclidke. Tngqommtst thﬂ'miumafeglons are

tBRELERtH Bl Bl d B e H A 1D BT S B UeB RS somantics
af the seqy ¢aentredviith HEeribéy th§| e{f@ﬁ@(ﬁr thO fhesshiBEs fo@HE hilllience. Out of

108 and above depicts the semantics of the song
%‘? ﬁﬁéﬂﬁr»‘et hempstlificalt F@Slié%totlﬁﬂe@taédtthe pfornhdomisbaderslayer, the

§cndnkie nddadin Q)@% sof%l Frofift Qk(]) tg[aﬂlgl {uﬁée/ &Iglﬁ% of 1w \d {%ﬁtﬁ? casg (of query-

difficult t O un ers or na

bogrdmpje MIRy h pamlahmusiic segrean ineftaf usad 40N gudry; Aiidtdadet a full-
[ I n the case of queryby-

R IAE. BP0 S5l L o

afdrtRtiYe thas HeAEp Mychad Bk hi Mmtlgc&ic%ﬁ%dw music. It has
been found t hat the | ower layer nusic information is

nore informative than the top layer as far as MR is
SRELLRG: pdhudy SoRRLETAL OB 2y 9% BEf ey have o

SimAur byt crle € oBMBILNIRAL pdREdsSSiSlar RS melody - common chord
harnnny/nelody - common_chord patterns, “simlar voca

pattemng; Simslar yedaks shmidpr dyrigsiaad skmibrrsementiormemmt —musicspicces or

| ar, aud
B8 IS Ml TS BT iy e o
Higgparlea 1¢tr1ava1 etodiebis qirovmdﬂihaﬂ Sraluiated Itlﬁ#ﬁﬁ)n% Rathilfutrk Ut Sspects

t-he son rltles in the aspects of beat pattern,
toR?t% mnl%@ g | Vopaknaliem.

Musical signals representing songs/pieces of music are indexed in a database using
vectors of the event models in layers 102, 104, 106. The retrieval process is
implemented using vectors of n-gram statistics of the vectors of these layers of a query
music segment. An overall architecture for an apparatus for modelling layers in a music

signal is illustrated in Figure 2.

Figure 2 illustrates an apparatus 200 for modelling layers in a music signal. The
apparatus 200 comprises rhythm modelling module 202 which is configured to model

rhythm features of the music signal. The rhythm features of the music signal are those
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Musi cal signals representing songs/pieces of nusic are
i ndexed in a database using vectors of the event

wore@slosn1pn | ayers 102, 104, 106. The retri eval PEI/SGE®F 000299

is inplemented using vectors of n-gramstatistics of
the vectors of these layers ofg a query nusic segment.
An overall architecture for an apparatus for nodelling

i ' i .1s jllustrated in.Figure 2. .
UGS 09t hR ) W SR gyl Brcion sun
hsatherbar, ithre metor)sheteaipgiadte dURECR RRESiBNYS oA nfRMINi g% S Harmony
rhyt hm nodel | i ng nodul e 202 which is configured to
RsHehing ﬁ%}%ﬁlﬁ 4058 GPrdtgused toraoded Barenogy derinres Phiermigsichsignal.
TR&deWaBfiof mbid OGS %%gﬂ%?lfﬁﬁﬁr%s hh%?gﬂ; LAFER ure 1 and include

illustrated in layer gur e conmpri's
therhangonyndmormeloily nf the signalsaridifeattues indlundingreisiet, tr_lﬂ'm, motif, scale

TR 1 o S ol e
Ratui@yyorh €& M0 88 shall (MeMUFE & BbgRah sTcg{;agrsﬁi%%ﬁfg?ﬂXntal (PD),

nodel features are those features in

Pirgyeeal (PH hdnstrvenanted nikes vowah@MV )angionshmbiyhontti¢she the music
shgpal and features including duplet, triplet, notif,

s%a e and key. Music region nodelling nodule 206 is
configured to nodel nusic region features fromthe

[ ' I 106 of Fi 1 h as pure
N iSorR gReflpostpton pirbatsans b oo i0p o St 2 mesd given

. ' : ' f .t .Tusi ¢ signal .

O Bire O ot h AROASaHi: ROANELDS ol MRy TR sma-

Ao yfpafitupu App2ratus 20D\s ai ap[@araiu{)s i) @afmnair?tgmaéla;ﬂm length of
i ene

R, P 202k asgh g o fo cerive

4 @mtRite bR b he 3niRdiLSS FrofPh Gref rgﬁ%&?sﬁnﬂﬁatfgﬂfog THBLE sub-band

The apparatus 202 conprises a su tion nodu _
Qeis 0§ theaausiosigeali The actlevnpishand onsste treahertivaedrbslow.

T T

aatcoretibn betheRehPkite RRAT FiHSmMANE sRhAhERBPE §55veaR
ayt ocorrel ati on nodul e 304 configured to perform an

estimgted inter-bedt pronsrtiangbnete igpati- tla osasenfigtratione thaesiacorrelation

j t ' ti ed 1 nter-beat
RA0Sbo! BERFR At NGRS B e tnge
determimtios natduterB06aibtdraiR 4 rpgating MBerRalClei@h bdfween dominant

rrelation of the conposite onset. |nterval
q%g%tgc en the estimated inter-beat prno.%ortlonal note length is varied. In tandem,

modules 304, 306 provide sub-string estimation and matching. Note length

determination module 308 determines a smallest note length from the repeating interval
lengths. The apparatus also comprises the octave sub-band onset determination
modules 310 which determine the octave sub-band onsets of the music signal from a
frequency transient analysis and an energy transient analysis of a decomposed version
of the music signal. The frequency transient analysis is carried out by frequency
transient module 312. The energy transient analysis is carried out by energy transient
modules 314. In one implementation, a moving threshold of the frequency transient and
energy transient is calculated in moving threshold module 316. The moving threshold

operation is applied to all the sub-bands after the frequency and energy transients
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determ nati on nodul e 306 determ nes a repeating

interval |ength between dom nant onsets when the
wegdiosstiet i nter-beat proportional note | engt hP€ESG2007/000299

varied. In tandem nodules 304, 306 provide sub-string

estimation and matching. Noteylength determ nation

nmodul e 308 determ nes a smallest note length fromthe

r epeatdng, val.. |. . Thep.

AR L20 |R i Bt B M Bond R RO Y Bl module 316

nopauliRs thdldhtphis ohiraisicat tdladatidiestapet a2 Héhnb aeroen sletested

of the nusic signal froma_ frequency_ transjen

teanslentsibslosna certiin WergLd fnihe pessentimRispagniatiop, e threshold is set

tg BCOOPRRE %gnﬂﬁféﬂ OO THER ‘?ndﬁﬁ%' $165c8BRbs a Iifidd QUHEARN over a
ransi ent analysis 1s carried out by frequency

wihdowiof @0megH filtienes iR fraihe sige of §Y miseca) sndeselectythe highestitransient

.carried_out by ener transie nodul es .314. In one
ppIsE AR e in S AOY PR R USROG SPREt o2lency
transi ent and energy transient is calculated in noving

threshol d nmodul e 316. The noving threshol d operation
Inonapppicadntation, the fraguengy trpasiens andlyss modelerdle pgefarys frequency

and. ener gy. t.ransi.ent snodul 1 r | ‘o
BT S oF RS HRCASHER e el gpofiSo ERE gtk s i
ASuRI R RW. t hone tinpléngenedtioh] hB shapy trandiaitlaailysin nidalped 4
312, 316 and renoves detected transients bel Og a .
resforms pnqrey BaRAT anglisis s thy YRR CIBhpICSHYRERRPEH. /aip. the
Ilegggg%glo%l%ég aisﬁlﬁgsea BelBw APpathie RPAR dodGflisSCAb&mehhHEiBn
nodul e pertorns a rurming calculation over "a

mbdded] ®for d6rising h.flante ofthe thusicfsigmak Fhemusit s@dalfsanshas a
and_sel ects_the highest transient_jnpulse wthin th

Igpgih sarresponding §%¥h8|%€1a§8ﬂd‘i°@g?’égtgf Thgg‘t%&!ﬁ&éﬁﬁ’&n %dé‘-ﬁe_. S plso
&@%n 2Pk SIERLAL AR intRSmiubi8 YRR s RNt 258! dthiSant onset
nodul e 312 perforns frequency transient analysis for

aftibe musistsignel.t he fourth octave sub-bands. The reason

for this is discussed below. In one inplenentation,

the energy transi ent anal ysis nodul e 314 perforns

BPSdrSMs DOBANSH Bothpaded htéhpo ffhrh BRisfek (TRCY moeulglthdt shown) which
octave sub-band.” Again, the reason for this_is

dirivesis sepoyhlytim cingpueithe sussignal owdhp smaliest gote length and
se ti i Vi .
T
oaleEpetengo o 60 ke26BPMe@eats peemimmne)t n onElimplementation, this

segnent ati on nodul e 318 al so des] gnat es ce

BENiS divdehiBtaispsof0BhM _C’i’é‘iefse ibﬁfn%ﬂnﬁﬁ 0?66“36‘%51?@?6 grouped
SR PARsp NGRS c1Bbiet NECITME! £is5d @B of songs with tempo in the range of
81-100 BPM and so on. For a given query clip, the clip’s tempo is computed after

detection of the smallest note length.

Then the search space pointer is set not only to the cluster which the query tempo fall in
but also to the clusters where integer multiples of query tempo falls in. This is discussed

in more detail below with respect to Figure 13.

Additionally, apparatus 202 comprises a silence detection module 320 for detecting that

a frame of the music signal is a silent frame from a short-time energy calculation of the



10

15

20

25

30

Appar atus 202 al so conprises a tenpo rhythm cl uster
(TRC) nodul e (not shown) which derives a tenpo rhythm

wa@ basarionf the nusic signal fromthe snal | est PeDBE2007/000299
l ength and nultiples thereof. The inventors have found
that tenpo of pieces of populgar nusic usually have a
tenpo of 60 to 200 BPM (beats per mnute). In one

i_npl nt at i,on,. i i BV A t f
R B el BB 003 ot
digtinet feorei @pp@ a1 DO2. MY telappiretus 202 CEgisdney the nivsicoingy smedlest note

o oo fS hes hignenggtﬁi?tnqgt hed rlaagg Eq(:)r,ff 81_at10 Ft)l{\gélaol}(ghgr(t) time
Sygg si TZME, FilGAC iQn madule s (‘@?Fblga

f : 410 sngt .

AT S Lol SRS TR 8l B g o
notmalised SWRiis helbiven radefinet empshold(shy,ilessbbidn Gl oo thonerelised

cl usters ere .intege ltiples of query t o.falls
S S D5 h S ERET o A 8 nin BT R b8y or e
Ph&REES of tBe RSN BornhBdestelBid baRR! Tihs n2RRBHEbYSfor B<ample,
conprises a silence detection nodule 320 for detecti r]lg
tokeaizieg modwe 962 of Higumu assigningvafix¢dstokespf ‘Onfzere)daghe silent

ff rom ﬁ%sggrt.-tti ne _ener g%F.cal L6| ation of thefrane.

RSP 3 P EGAUO IR O w8t i'on nodul e 320 i's

provi ded as a separate nodul e distinct from apparatus

202. After apparatus 202 segnments the nusic into

Thednndasienind step Sorandis] gmignt pralyiss the signal segraeniaiqroyhere the
. i )| i t _ .

{58 Ll ool Bl Rualbn ) o R music
fidhessappacatsi 22adxtradtt fedneesordendriteatie Shffentsnt) edalal the features
predefined threshqld (say, less thap 0.1 on the .
B} %tﬁ“%l&e@é‘é&@?,TheWé’ﬁq‘{aﬁéiP?a?é@ weHERGYen has & fpqct on
systmi1ERTBe dnge LB 0siEXFLHAR Dl AT BRY nRfdelliB and retrieval.

rocessing of the nusic signal described bel ow. This
Huelyercaséc ¢optent enalpsiaidd[%] 101 eioichiesgsenfivtad] lengdiy sigosl
Firaure.g %ﬁﬁsgi gning a fixed token of '0' (zero) to the
SEPPEHEUMM A i n the tokenization process of Figure 10.

The fundanmental step for audio content analysis is the

si gnal segnentation where the signal within a frane
A msisanotsogrsihgencasidersd gs thsismelagtingnaswng Wit ¢f the music flow.

uasi - ti r kc. f . .
R ROV /) FRARL R 0 B s
theBdrbl fedighl théd nlalyi wsith telchythelufithpsics dinbtodfilbiputhe gapbetween

the signal segnentation _has an i cé on system | evel

pa )
Iysigst Sherafrse thsrintamaton witinhe etk Pt HBUSIGHOE R GOpgdered
28t fohh§Y Rhe disclosed techniques segment a music signal into frames of the

smallest note length instead of fixed length frames as has been done previously. Since
the inter-beat interval of a song is equal to the integer multiples of the smallest note, this
music framing strategy is called Beat Space Segmentation (BSS). BSS captures the
timing (rhythm) information (the first structural layer of Figure 1) of the music signal.

BSS provides a means to detect music onsets and perform the smallest note length
calculation. Figure 3 illustrates one apparatus for this purpose. As highlighted in [15]
that the spectral characteristics of the music signals comprise envelopes proportional to

octaves, the apparatus 202 of Figure 3 first decomposes the audio music signal 300 into
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Earlier music content analysis [4] [9] [10] approaches
use fixed |l ength signal segnentation only. A nusic

W@ 0108/08En7 be consi dered as the smal | est neasurPOmSGUIOT/000299
of the nmusic flow Usually smaller notes (1/8, 1/16 or
1/32 notes) are played by ong or nore nusicians in the
bars to align the nelody with the rhythmof the lyrics

and to fill in e, gap_bet n.lyrj refo :
P ads tome UPetn of AbaRs 20T ol tisndy BB skt n Table
iconsi dered quasi -stationary. The discl osed techni ques
segnment a nusic signal into franmes of the snall est

note length instead of fixed |ength frames as has been

one . prewi [ t it :
ARG R B Pl dE Dot s RGO Wi 30 B efepping
Bl the fidujudndyLsidentrggiangest aat @glyzedusing b stniBe anetiBpkiodhat in

S tati BSS) . BSS t the tjn hyt hm) . .
20k %?qr%a?n%%pa@f(ﬂﬁ@t %)‘ria%%s fagdilees {??%Paﬁug%?ébenﬁgcﬂf%% K@Sﬁ%ﬂ“ in
t%ufmssitclg%éﬁéésﬁfesdi%%es %m%rs%—'b‘ﬁés @ TRAchte @@ﬁ%ﬁiental

ets and performthe smallest note |engt _
feembiendiest (FOs). anBihgrmeniGs ¢fl thusie neteein popelan ppaicaresirdngrin these

this purpose. As highlighted . in [15] that the s t.r
sehihaft ERREY raeo PR Peiodt e lorh(fulRER th Sho-bond
(BNY DR A% AR drsRARard ouhE teNESrongBeinaRga sab-bend02

of Figure 3 first deconposes the audi o nusic signal

300 i nto8 sub-bands usi ng wavel ets by nodul es 301

S35, SORSREN AT AT TS Bl
i5 Btk @ pRhigtioBof dubttaad baegusndgy. and ener gy

transients are analyzed using a simlar nmethod to that
in [20]. Frequency transient analysis nodule 312

nmeasures the frequ transients in terns

progressi ve di@t? ﬁ'cegsy:i‘ﬁ(rr%?a@s sub- bands o%ﬂ) to 04
because fundanental frequencies (FOs) and harnonics of
Thesiutputof emving theshild calqulstion modulst3 6 igsuppliedistge octave sub-

sub- bands. Ener. transj anal ysi s d neasur.e .
HRHE OB AErEAlgY BILes fC SuTBa gae Hi SRR L bSifposice
SRE&'EYhd MAGE RAKSTENQ Waskted sndaticd 6@tk sub-bah®sssets of the
sub- bands. Equation 1 describes the conputatjon of

misiabigia owimahy masiise 318+ 1t hasheen foundapgtithe whights. s, Whe- > Wn
) I S B 0 HartH BreRRRE (B B55 0501 .7, 06, 0.870.6)

provides the best set of weightings for calculating the dominant onsets in the music

signal.

The output of summation module 302 is supplied to autocorrelation module 304 where
an autocorrelation of the composite onset is performed to derive an estimated inter-beat
proportional note length. Interval length determination module 304 varies this estimated
note length to check for patterns of equally spaced intervals between dominant onsets
On(.). In one implementation, the interval length determination module uses a dynamic
programming module using known dynamic programming techniques to check for these
patterns. A repeating interval length — perhaps the most popularly found or common

smallest interval which is also integer fractions of other longer intervals — is taken as the
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r=1( ). r (f) (I) The output of noving threshold

cal cul ation nodule 316 is supplied to the octave
waaisbasdoonset determ nati on nodul es 310. Sume€T/66G2007/000299

nodul e 302 derives a conposite onset of the nusic

signal froma weighted summagyon of octave sub-band

onsets of the nusic signal output by nodules 310. It

s{RTen B8R 1R Py bR ot sUEIHRSon sibawtBo8. A seamefflgin modute

308 7s prdvRled &b ségnfénbthe @m&lc Gl Intp bow brdesret thesibd fmtnes ed:cordlng to
of weightings for calculatin ég t he dom nant onse

thenenalies| note e@ﬁfebr Segmf‘élt%ﬂﬁ“ﬁﬂ? e 3t} A deisnatRs due f%*f?? point in
hSmideR lg'r@dcoh% UARGEAE 258 d AR IR A& 0P Bt HRGE §ighdl as

aut ocor el at on of the conposite onset Is perforned to
ddermined by semhiatiph @tbdulet #12- beat proportional note

| ength. Interval |ength determ nation nodul e 304

varies this estimated note length to check for

&fe@sﬁn%’gf 88 lﬁﬁisicymg?{%@ Eéelﬁuétfh't&f With fef8hMEOFi Sl@8UNBIBure 4(a)

ets I'n one I npl enentation, the interval
ﬂhmmgtela ad@tsecoricheoni oHp #HoThe doseigan 0@%&1&@%@5?‘6@? Byrfipggation

kno
e 0 Pl B D). ThE AETTA Aol RO MRS R, an
autdefrbiaien bl ABREEPORsHA ] sholvaun FFigire 4@)Marer- Sbﬁﬂi ﬂrepdrtmnal
interval which is also integer_ fractjaons of ot

smaHeRs motedml 86 sneasyre iy showin 1a Sigiedirk Indhe cxpmRie P%ﬁ’@t”f? 4, the
1%Yse9(911 s Qﬁf) Qfog?ﬁt eﬁlr éEdﬁHe eagn §ﬁ§r by the mU%lﬁlan Bryan

segnhen i'S provi to sSe
Aﬂ@nsCTﬁd: gjﬁaLbeanpmpmnxenairSMka notslength Ha6e$ ttas:dqv Bidetprmined to

to the snal] est note_ | e nt at.i on nodul

b 158, |G g 188 PR A Y GBSy R SHIALF lebe G dgfadion i
&%ﬁﬁ@%‘ﬁéﬂ& ﬁa@atao§*‘tfeﬁipod%mtﬁ%ah onset of the nusic

sl gha

as determ ned by summati on” nodul e 302. The
processi ng of the nusic S|gnal is |IIustrated with

reference to Figure 4 F | | st

1a g R E P Bmtbe HHe g fiithe epn R gl constant

’qué}e?&fque Q¥rtiHE PRt o helFRHY |139us3@ 3s ﬂfe&eﬁf&w point for@IE This is
(b). The output 404 of correlation nodul e 304, an

1Ialuﬂtr§tﬁ§1r1n &liguresorHbhand (4 atipqine4Q8d Sepdasieps pte folewad foy

oA RO o
cOXDARs¢h S thé-ij@ats 8orlg clt;hmtﬂ. theseaed doxg)ﬂqascst dipcusOdi mgrwner

extract of_ the song ama liar, QY é musi ci an Bry
detail below.) However the Tirst dominant onset is used as the reference point t

joN

segment the clip back and forth accordingly.

The smallest note length and its multiples form the tempo/rhythm cluster (TRC). By
comparing the TRC of query clip with TRC of the songs in the database we narrow

down the search space.

Silence is defined as a segment of imperceptible music, including unnoticeable noise
and very short clicks. Apparatus 202 calculates the short-time energy function to detect

the silent frames.
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Adans. The inter-beat proportional smallest note
| ength 406 of this clip is determned to be 183. 11ns

whygoosiosoiappar at us 202 of Figure 3. This smal | eBCT/SG2007/000299

note-length duration is determned to be the "beat" or
"tenpo" of the song. In the apparatus 202, an
assunption is made that the t frpo of the song is

onst.ant. . Therefore the start.i oint of the song .is
HEHH B8 a5 s Bt [P REErars A0 FQmpRses & Hatmony
ihddepinbab&mhld 2047 ERRNSSy ﬁ‘xé@éuiﬁg1 tholitle 284 O8RS mf‘&lﬁleysis of the
Simlar steps are foll'owed fof conputation of t

$aehdnysif theomnasit eiggalh Hofmaeryemadedling sodgle Q0# maytteeprovided as a
P o&e s of comparison of the query song clip with the
§#8'@§m§838H@P'ps i s discussed in greater det ai

bel ow.) However the first dom nant onset is used as
the reference point to segnent the clip back and forth

dée pragresgiop of TRsicskgrdsalsscribss thelhapgeny efmusie.sA chord is
' forr : . . B
SRRy PR e SRR LA TR g g hor

kypeb (Mafdat MbaseDintni3haahdAugnwmied) d@d I ah6ils ppBctidrd type that can
g%lence is defined as a segnent of inperceptible o
dovnd in wepigEn ysia g eicem chorddietsstiamdhe, ingl drpcteristics (the
LB RORLALES. 107 % IS 16 BBALImLALD 1R A
noteFwgpichZ:ompriseva Ichordeshow d bk Ivedl dhhescteaippdbpthefef0R. Goldstein

BRI T Fmaed s R R pudtarl iy R sesb o prosches:

Ry repfesélifidfldGubihgRAbnic RMERRYIIRA6! édrlsle gt e
204 may be provi ded as a stand-al one apparatus. The

prspeftigslyt Bis aotedrilst bargioniad and ewrhiupwniasted atmausimomnfe ofe closely

i . [.s.constrycted b | ayi et .of notes
UL widh R0 B Ry M oL b, BleblsB g ShDagfiBpR of note
Otairoclosd\oriaslatedio)itit fahdanchtASBIBEIRSE) FEGRIGS 206! Signilarly the

er chord type that can be found in western nusic. For
fthiapd seenthyphagapeiss plorote Eif ara dpsed te W04 E0anp ¥t ggspectively.

(the fundanmental frequencies - FOs, the harnonics and
t he sub-harnonics) of the nusic notes which conprise a
ahooet detailad didweofiht hammivayanddeilingatodyle 204 of Bgtiter leis an apparatus

gﬁhﬁ%ﬁ@% 11%;3 @%%Js and Igvglidq%alrggéwgég%&d [vs;it%] respect to Figure 5.

Figure 5 illustrates in more detail apparatus module 204 of Figure 2.

Referring to Figure 5, an apparatus 204 for modelling chords of a music signal is now
described. The apparatus comprises octave filter banks 502 for receiving a music signal
segmented into frameg and extracting plural characteristics of musical notes and frames
as will be discussed below. The n™ signal frame 504 is output in segmented form from
the octave filter banks 502. Vector construction module 506 (shown as individual
modules for each octave in Figure 5) constructs pitch class profile vectors from the
input tonal characteristic 505. A first layer model 508 is trained by the pitch class
profile vectors and output in turn as probabilistic feature vectors 510 which are used to
train the second layer module 512 thereby to model chords 514 of the music signal. The

octave filter banks 502 comprise twelve filters centred on respective fundamental
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harnmoni ¢ representati on and sub-harnonic
representation, for conplex tones respectively. It is

woedsa3dibat har noni cs and sub- harnoni cs of a NMPCI/SGIIOL/@00299

are closely related with the FOof another note. For

exanpl e, the third and sixth parnonics of note C4 are
close to (related to) the fundanental frequencies FO
ofGBa &G. Simlarly the fi sevent .

RN R pectbre MR Caeh itgT ARG pcle Hjey banks 502
15 %&n é?ﬁ%tc'aﬂt%}eystraﬁ%ﬂm e it AddnRetal fRYLdcids e ith Hs?mbﬁe note

ngrmue2 of Figure 1 is an apparatus,
amiaebmm@mmxdsharmomcmiqp teslnpitest Wi vePLOF gongBystion module 506

escribed with respect to

C&’F‘I"E%?”rej?@gnt erila g %’8? g’ioiﬁfapp r alt5 rr'%g ? S (F'g' sums of
s’ﬁb&kﬂl @or%poﬂf@ts? of b E’a@tetcﬂ' tiel Pahe ald smgaﬁmasm-hanmmsfand

&? chords of a music signal is now descri bed.
fm@oatp@ rglaiesl _Uefor i ses octave filter banks 502 for
receiving a nusic signal segnented into frames and
extracting plural characteristics of nusical notes and
hrthEorémodellinglietediion sis et obEigom. 5, TR eﬁlh&rssdegmad orf thene

504 t put ted f f t t
et B ol T o L pelane B S
éa@ {hgléﬁ'len%fﬁéjgl eg hesp&aah ﬁﬁérﬁﬁﬁﬁeé)rbf Fhed0s®f e notes, and the

ructs ass profile vectors fromthe |nput
dubAmkmoties awt lamnsmcs o Bfatedndtes leaseasasrfignsel e fordger placement

rettics AOBLh osoismgriel afe iee BRTh4t e iy AU Bl Bhbnon
fﬁ%gﬂllaﬁsothé 1i@bdt £t ﬁer%SrCs@ﬁlld (FiYS Intoroetavescalbf L horvetiye FO N, Freg

chords 51 he nusic signal. The octave .
dre sarmplingalneareBaR n@mbprr ofFET priptpand reference mapRipgRoigh

respecti fanda . j ; t

$eHP é:g%?}y'o ea%%q%e@‘{?eélln{@gtﬁw 1? aeé[qécéav eg% T’fqe r6 E%Ean sOf the

e A2y aboEL Durgstches)capt ure strengths of the

fundanental frequencies of its respective note and

sub- harnoni cs and harnonics of related notes. The

vector censtructi on nodyle 5 derives an el enent of a

pitfch cl olgr fF¢’E‘—:fzmaﬁt; f£poma sum of strengths 2)
geravsu &pegtrml. donponents) of a note of the

frame and strengths efc ub- hat noni cs and harnoni cs of

rel ated notes. In the chord nodel | ing/detection system

of Figure 5, 12 filters centred on the fundanent al

Thepasns ifesusiifg fllfers at edracntopalchanctesivticsad netes m:p Bimarily two-

octaves (C2B2 ~C8B8) capture the strengths (i.e. of

spectrum magni t udes) of the FOs of the not es and
t he

¢ Due to physical configuration of the instruments, the FOs of the notes may vary from
the standard values (A4=440Hz is used as the concert pitch).

e Though the physical octave ratio is 2:1, cognitive experiments have highlighted that
this ratio is close at lower frequencies, but increases with the higher frequencies. It
exceeds by 3% at about 2 kHz [19]. Therefore, the filters are position to detect the

strengths of the harmonics of the shifted notes.
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sub- harnoni cs and harnonics of related notes (please
see figure 6 for filter placenent positions 602 in

woedawaoigtal e). The filter positions are cal cuPEr/eG2007/000299

using Eq (2) which first maps the linear frequency
scale (funear) into octave SCE;e {f octave) where Fs,
N, Freq are sanpling frequency, number of FFT points

s ey ERE Bl R R eRaqthot S Bt 1ndFiidind PO can effectively
RpeseRdhi niukio c‘BBrdt free ROS Pay@ﬁle?di‘&ugﬁ rr;(%lef e nBiskCéh%ﬁi modelling
J Cctave C*I 031 Fs* f nmear nodC ( N *Fref The

Y

pEBiguresd m@dela chiarls @hestrmumemrromr of elird model is discussed in

FORGECAT T oS PPl R R P BEL PR et el g G s
ﬁcf)te) pnecmmase rofy (REP)fehtnWdches SORRURhGry @dttRed from the

40Hz i s used as the concert ﬁ(lptCh Though t he
Bﬁy‘e vl ocigresalidhap heqrofopad that bettes ghordi dgteciomasdupashiis found

ffﬁng/ iQIthb A COR2LEABS WaSed ﬁ'{dhﬁ} he?o%r Rxh(ﬁleqfnp M¥ltation the

requenci es, but increases
€PBwenwe issnot Eonstderat dsat vy sSm aktaaboatt cBné(dthecﬂ 1% .construction

fil t to detect th
e S ot 3P eonst fnniped e and Tor b SR IEd s
Bg@itichBHMbw "Ble HOGrehMRbr ﬁﬁ%ﬁ’%@iﬂcﬁ&la@&l HaPmBhic and sub-

i ndi vi dual octave can effectively represent the nusic
karmodic shisagthswof 0taylem0t¢ﬂ @c ammmed aip torbatel the of” creficient of the PCP

L. d th
b g P R
Figure 17). The first |ayer nodel 508 is trained using
t wel ve- di nensi onal one for each note) pitch class

pr@&yie(&f ﬁeatu e vegians p06 phichjare extracted 3)

from#fhe in éﬂ%ﬂ) octaves. ‘Tt has been found t hat

better chord detectlon accuracy is found primarily in
chords C2B2-C8B8 octaves and, therefore, in one

szl Sivehd filtéronhdsh posiHE aedihe \pass-Sandfte@OnS/ rdﬁgef:‘@bneﬁ Réth both
seven oGt ave§ are consi dered. The construction of

RefirepegeR Qg gofoin therectare(QG)gHahe petavreindpwiistlofhen the

Ra%Rioc LAY & T ofmef i ned by Equation 3 bel ow. The FO
sgggngthsyofmthe ath note and rel ated harnonic and

subhar noni c

Seven respective statistical models 508 are trained with the PCP vectors 506 in the first
layer of the model using the training data set. Then the same training data is fed to first
layer as test data and store in a memory (not shown) the outputs given by the seven
models 508 in the first layer. Seven multi-dimensional probabilistic vectors 510 are
constructed from the outputs of the layer one models 508 which are then used to train

the second layer model 512 of the chord model

That is, the second layer model 512 is trained with probabilistic feature vector outputs
510 of the first layer models 508. In one implementation, four Gaussian mixtures
models are used for each model in the first and second layers 508, 512. This two-layer
modelling can be visualized as first transforming feature space represented tonal

characteristics of the music chord into probabilistic space at the first layer 508 and then
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strengths of other notes are summed up to formthe ath
coefficient of the PCP vector. In Equation 3, S(.) is

wo b@sfosEguency domai n magni tude (in dB) signal PCT/SG2007/000299

spectrum PCPoC (a) = [sQNOCa) ]2 OC =L...Il, a =\ 12.
(3) Woc, a) is the filter whgse position and the
pass- band frequency range varies wth both octave

i ndex ( d ath.note in.the octav . | f.

R R 08 B3 B 308 8 P B BB o yadt s b s moce
4364&d1c EIRT@EHithy €ndill AbleSldnCsbteADZR] & FBQEear e trained

wth the PCP vectors 506 in the first [ayer of the

nodel using the training data set. Then the sane

.rainkn ta i.s. fed. ' :

bl 47040 il B8 vl e BREsRRnh 56 HT181ESind
iHeMRIesTastel tfaimia g pratesET0DIOf de deayrat layGavdM in the chord model.
mul ti - dimensi onal pro ectors, 510 ar

Ui . babi listic,
Ipisalyririvieg dpipanPIRESELL (RS PEPVIEHEAR lrngR@ten stieids
iﬁ%%g%ﬁ@ﬁ%m%?ﬁo& gs;g‘-ﬁfge:tg rabds bt @b %”fdl‘? A3 §8PN906, 3p&iral anearlyms

model That is, the second | aye
amd REIP Bethoricenstruationd cafricd qut biabiave tot provide d2 RICE epefitcignis per

tputs_510 qf the fj t | | 508. :
S 18 0 The L0t LR Rmiels SOn L 08y s o
GOV ES artRdRled, dheldIM bérsdctaRIoTRaaNAR kaXeS Bisia@ Probabilistic

512. This two-layer nodelling can be visualized as
respossestaf slresfinst layergGMds 30%epes 3 &ispd &t Bs prowigies the

ERRERLE el R H e I R e L TSl R S E el 512
dffRegEe spRdradiyarittbthd. prdbabilistineedtais e 0o Pigsefit at i on is

able to nmodel 48 nusic chords in the chord detection
system 204 of Figure 5. Figure 17 provides a nore

RN Bl pHEW PR0'RBPRRCRTE GORMISIRT ol ifthsitfeR iR FRAFE 17.
I'TTustrdtes first a training process 1700 of the
Biés provvideay eor&idailed view of sepd 768.d@tainihgidaiaas pypcessed 1722 to

trainin ta is cessed 1702 to provide. al |

RHIGR e B Sa Gt AR G ALPA fa el 6 f}?&r?}lgi?ﬁ'}ﬁﬂ?e%y at step

f 723@? st% 1736 Bpekfilftanafysissin@ PGP A& torTBRGFICAbn ANk sut per

and PCP vector construction is carried out by octave
dctaverto piavidel 2 PCPcedfEtientsipenoeiaysaper Samete iy the fisgidayer model

%et Brgg#de the vectors 506 of Figure 5. At step
,SeH irst layer GWb 508 are trai ned, one GW

REHisOELEY fove P PISIVMVCInd \SLg EHieSrefidvh$ thapealdaisebn 81 a ©ong (third
responses of the first |ayer GWks 508 per frape at .
lgyerd 06 pf bigumn il s Wp@gg régiens are comparatively rare in popular music.

Therefore both PV and IMV regions are considered in combination as a vocal (V)
region. The modelling of the contents of three regions (PL, V and S) in this layer 106 is

now discussed. Silence detection has already been discussed with respect to Figure 3.

An apparatus 700 for modelling of music region content of layér three of Figure 1 is
illustrated with respect to Figure 7. This illustrates music region modelling module 206

of Figure 2, which may alternatively be provided as a stand-alone apparatus.

The apparatus comprises, principally, octave scale filter banks (the octave

scale/frequency transformation of which is illustrated in Figure 18) 702 which receive a
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probabilistic vectors 510 of Figure 5. At step 1712,
the second | ayer GW (nodel 512 of Figure 5) is

wo e@siadIwi t h the probabilistic vectors 510 of PEI/§G2087/000299

5. The training process 1720 of the first [ayer GWb
508 is also illustrated in Fi 8§re 17. This provides a
nore detail ed view of step 17 Training data is
@rroce ed 172t2 to r0VI nuaII annot at ed chord

: 5, s ogn 1 qape g Ssponsq Wgrops Apparatus
%O alse Qoﬂaﬁﬁéias aFRECIdeficidh @Eﬂ%tﬁn@%u&’é%Z@ﬁfcﬁ lderives octave
construction is carried out per octave to provide 12
Paptiabegefficdennesthy émuswcalexﬂé fromy the fegareencyy respanse aftike octave filter

%%kééanh g{v;ﬁ{/epg:@éjcﬁ{ﬂ r@&an (‘§m ¥ jm,[gnOé:%rvg gF%sg{gf {;(P]egﬁmggtﬁ OB éhe music

sigaal fonmasise¢ordd. hi rd | ayer 106 of Figure 1). However
PV regions are conparatively rare in popul ar mnusic.
Therefore both PV and | M regions are considered in

CREBLOE, WSy MY AL Tinclilibs BRI scofAT RS ni P podules 708,
Vb@wifnch%e trsmcd)bw dl%(dS@@éehtul‘Slvleemc eomatietddn e f]huﬂﬁ: for use in the
d b di th t F
SR RS B B o
b il af);glirﬁﬁs 260 ﬁ's&Hﬁsea dechifd et iadeRdatn Mo 0 lﬁé FEEWhich

gure This illustrates nusic region no
ﬁ@‘d\@ﬁ anch (ﬁ@q@ﬁncmcgmt@l xeffigienth ofrthy Segmerteramuemls;gnlab These may

d- al t t
BEOKE HE 8P R MR RSB T0BE0' & b e PR pPopae 700
alsd aMﬁpﬁSba|aei_’eédrﬁpl¢b€tﬁtﬁNmbﬂlﬂ8 506 td1pdricem s guidi valhel decomposition,
illustrated in Fi ggure 18) 702 which receive aframe o

used g Adorlde compate the Wat@nwf desr qoptficientty ef@8REyfeature and MFCC
e r
EEBRRTER RGB! g bR KD SRR R e
bighat forOSCEthin GireiFE CoflluthsingLG$CCs h@neds cf)h@mddhfbmpared to
Mew response of t he octave f| I ter banks and
i B4PHE Goatiiciansare dinp prisslaigddhemihe riopuption modelling is
&eff {d.algt s of the music signal for nusic regions.

Optional Iy, apparatus 700 also includes first and
second gau33| an mxture nodul es 708, 710 which are

{ { ct
MoThe P ting %Y e ESRar el groteut Hrels rBagther
ﬂégidhw InithdPT REAS fextictbd Ba0RSs Rudtd abfe toAap@ird tHE A8 mation

opt| paratus 700 al so has a second coeffl ci ent
bﬁaqim)@ml@erm avhigll ypically defines the tunes/melody. To this end, the

—1(

apparatus of Figure 7 examines Octave scale cepstral coefficient (OSCC) features and
Mel-frequency cepstral coefficient (MFCC) feature for their capabilities to characterise
music region content information. MFCCs have been highly effective characterising the
subjective pitch and the frequency spectrum of speech signals [14]. OSCCs are
computed by using a filter bank in the frequency domain. Filter positions in the linear
frequency scale (fiinear) are computed by transforming linearly positioned filters in the
octave scale (focrave) tO fiinear using Equation 2 already discussed above and illustrated in
Figure 18. In the apparatus of Figure 7, the parameters of Equation 2 are set as follows:
C=12, Frs=64 Hz so that 12 overlapping rectangular filters are positioned in each octave
from C2B2 to C9B9 octave (64 ~ 16384) Hz. The hamming shape of filter/window has
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derives nel frequency cepstral coefficients of the
segnmented nusic signal. These may al so be used for

WO e@s080197 t he nodel s 708, 712. As a yet furthePCDpG200M)00299

apparatus 700 al so conprises a deconposition nodul e
706 to perform singul ar val ue %econposition, used as a
tool to conpare the correl ati!) of the coefficients of

CC feature apd MFCC feature. It is found - as .
SR QUSRI pad I SupRIRSSeY WLYADLR ngorgation fiuihe diighgt fraguencies by
UBhOLE Bhréd-Ro10 bdReihah R t%@ﬁr—%ﬁ%@d “Thbtefds It
OCSCCs are | ess correlcat d conpare {S('\)ﬁ%gé%s.e ﬁen&gﬂgﬂ&rﬁ .
fwatherused methé pppasatusofdriguedsia prefereabatodthmrhing iltersefor music
information nodelling.is nore.agcurate.. A sung ,ocal .
iRl XA R Ds TR i Sisils ey AR Hsals SoRB ft Foboch signals
song than other regions. In the Pl regions, extracted

features must be able to capture the information .
Fhner@ueH Dy of thedd filiss isrcompnted aspordingty Fasalion 4deicinss) is the

odys. . [ ;) aratus _of Figure, .
et SRR e B L. 2000y b 22 SRR Pt Dbt PO arics
beat fites and Mel -frequency cepstral coefficient (MCO)
feature for their capabilities to characterise nusic
regi on content information. MFCCs have been highly
effectivg characterising the subjective pitch and the
fr en m of speech signals [14]. OSCCs are
coﬁgH}EgXLéggéé a filter bank in the frequency @)
domai n. “Fisl ter positions in the linear frequency scale
(fu near ) a conputed by transformng linearly
positioned filters in the octave scale if o ctave) tof

ER&R{on5Sddierited Wi éibidatdn ST e pindt bt R AONEe RNV and Fn are

i 'Tustrated in Figure 18. In the apparatus of Figure
the ceplee Faqueney ef te &f’ fitigu aumbar of faequesest sampling|posisand number

= = so,that 12 qverlappi ng rectangul ar
o e Bl Sl bR Bhe Fr om B 1 o

C9B9 octave (64 ~ 16384) Hz. The hamm ng shape of
filter/w ndow hassharp attenuation and it suppresses
val yabl €4i nformatizn jin the higher frequencies by
gﬂﬁ§§f‘ Fepcep Wd;@ﬁﬁg t han rectangul ar - shaped filter43)
[14]./%hérefor réctadgul ar filter may be used in the
apparatus of Figure 7 in preference to hammng filters
for nusic signal analysis because nusic signals are
Singelabaatdess(Syhalmslicanganadarice of frevfrespadidilgSstruinge.

utput Y(b).of the bth filter is conputed according to .
%a{!ﬂ_aﬂriaeﬁelxha%esa%g Vplyes of R diseopalonelyixp dea $ Viharpeess describe
R Gubfkr 68 nenéiBis With ShidR&hEERudhiretch be ‘f’é'b‘ilesréhtgd %ﬁﬂogg}laﬂy.

are boundari es
SVD is a technique for checking the level of the correlation among the feature

coefficients for groups of information classes. Higher singular values in a diagonal
matrix resulting from the decomposition illustrates the lesser correlation between the
coefficients of a particular feature for an information class. If the feature coefficients are
less correlated then the modelling of the information using that feature is more
successful. That is, smaller singular values indicate the correlated information in the
structure and considered to be noise. We perform singular value decomposition (SVD)
over feature matrices extracted from PI and V regions with respect to the process 1900

of Figure 19. Training data is taken at 1902 where time durations of V and PIregions
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of bth filter. a=mb Equation 5 describes the
conputation of bth cepstral coefficient where kb, Nf

wanpwsmsniar e the centre frequency of the bu filP€r/8G2007/000299

nunber of frequency sanpling points and nunber of
filters respectively (Fn=12 i i7t he present case).

Si ngul ar values (SVs) indicate'the variance of the
correspondi ng st ruci‘lure Conpar atively high singul ar

¥R mawiadly apptalgd 4 HEleniRg FOGesRY 3 T alAleH F Yle SSCC feature

i dhedie
T A ey Lo T DRl o0 Y Rl ffi a tep 1908
mathithe geatorfsdrone step kPO t he | evel of the correl ation

anong the feature coefficients for groups of
information classes. Higher singular values in a

%m@a@howth@nénﬁﬁﬁeh kinBflat AR VAMREGPIDSHECLIhd 20 MFCCs
ustrates the | esser correlation between the

@&@Mﬁpctfr@mtb@tfoﬂ andp¥ regiensl odra Srehankan Spog “Ma Bala Kale . The frame

LY T30 5535 S TR BT TS ) s v

fisd dairuldiiag MBACY b OSOMRI B cavbears it sinfhiat vales of OSCCs are
smal | er si NPﬁm ar values indicate the correl at ed

Pighst thar PEMEGLs foe bathrRNE prgt BI fitrae-ddwsivaer af 2@ sipgular values per
BRI fol B VRRG TP FEhRs A 894V ﬂdg? ﬁg%%rt c%'Mﬁé(\;( q)ney are as
tracte r om

over feature matrices ex and I ons
ow hs 0.43pkatd 0.009espcteass 1900 of Figure 19.

Training data is taken at 1902 where tinme durations of
V and Pl regionsare nmanually annotated in a |istening

PRE6WA iPFighrdS Fhe dhaheRildRAfk in@REenhifRIdHI&E vylﬁplte%e%t to the
are constructed at s% 1906 and the nodels 708 and

7sgndingicoefdicient mtrelpﬁrs_gﬂ@ awerage ohide Jasc 10 smgﬁhaomlgese;f OSCCs is

190 t he i.sed sin

DRt e B DRt B MBS bt Bl YFDRE o more
Bheathidd thad i 1astdD cdeBicientsMPCEMhusMe &Bal ankali©that the
The frame size is a quarter note length (662nms). The

QS &rsaepissets Enipptseinmypieesions saie upgorgbted thae MEGEy. As is

I
e s e T
baltibs 2 highdr. FIIhuﬁ rthmscmealaasqaragée béttez Peoimginica for modelling

val OSCCs for PV and Pl frames are 0.1294 and
@aﬁﬁcgﬁﬂ%%‘ﬂis highgr rlatt“?"?ey are as | ow as 0.1181

and 0.1093 respectively.

An apparatus or apparatus module for tokenizing the music signal, constructing a vector
of the tokenized music signal and comparing vectors of stored and query music
segments is illustrated in Figure 9. The apparatus 900 is usable as a stand-alone module
or with the apparatus of any of Figures 2, 3, 5 or 7. The apparatus comprises a
tokenizing module 902, a vector construction module 904 and a vector comparison
module 906. Alternatively, or additionally, the apparatus 900 also comprises a ranking
module 908 described below. Note that these individual modules 902, 904, 906, 908

may be provided as separate modules or as one or more integrated module.

Vector space modelling has been used previously in, for example, text document

analysis. It has not hitherto been used in music signal analysis. Perhaps the principal
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As shown in Figure 8, the singular values are in
descendi ng order with respect to the ascendi ng

we@oemBfosmpent nunbers. The average of the | ast RBOI/SG2007/000299

singul ar values of OSCCs is nearly 10% hi gher than
they are for MFCCs, which neans the [ast 10 OSCCs are
rmre uncorrel ated than the | 10 coefficients of

hus we can concl ude that the OSCCs represent

rewéﬁf t},ns 1§ thatyndike gndsiliag of fext dacunenst thplgpes WRds or phrases as
[ ts '
M oD Smb00 Minall 08 iR AP TR Wil i QUL for
Md@h&g .Thiibthe ptimaryQBa@lenvges fiasingexing chesioasignels are two-fold. First,
or [ 1in due,to its

ORI S5O Ahoa ip i Bl SRy a @S o o e

SRk Bk Bhrd N d R eGalShai BL def A5 WphalabRGoRtok 8GiLRE RS music
the tokeni zed nusic signal and conparing vectors of

%grml end amapmuasvs/forrderiving e yaetar epresenthtiosef the awsiasignal again

B 8 e P ETRE Bl el TS P i P EG AR ows

t0ldedcribEREmadiP sikadl U s Bivdl P BSa destAEVY ddtdgruvady) Ned0we will
a vector construction nodule 904 and a vector

reppethe derpa tares Jopmuyg sigp#at i vel y, or additional |y,
t he apparatus 900 al so conprises a ranking nodul e 908
descri bed bel ow. Note that these individual nodul es
&Qﬂisc@s@éd atidee wiﬂﬂ%spmytoﬂﬁglne Oy i tec-lper hiepaclkdta hanmodyemodel
s one or tegrated nodul e. Vector space
¢ YRS tARS! s B da %.a@wsola fsglosed. Affs%m@izgﬁ?ﬂdsl describes a
éh%m cHAE lwe%@tha@ﬁ% aeﬁtfvel das P‘}‘ﬂﬁderﬂ&tt bR RS gamtaeﬁﬁm%@ﬁal A
In music signal analysis. Perhaps the principalreason
teat spahé & a mthh@homrﬂsu akmumfremle; angl thes thesimdedo@ nesaietion of a
that uses words or phrases as indexing terms, a music
@Pﬂﬁé’lgn $ a running digital signal wthout obvi ous
anchors for indexing. Thus, the primary chall enges for
I ndexi ng nusic signals are two-fold. First, good
InrasesiehigranenapRarails forfekeniziag erausic S@@@ndh"}i iy dggpigg the
' V%?&rb%za\e/rgx 8t fhg gorg%fowgétgr [%B{ék%ﬁéﬁoaf & th gt-h:k ?rﬁ)qlses a tokenizing

hbéuleve2 e ﬁ:bﬁﬁélh flaned ¢ sappaiitad ttmsfcmigtd@ (segmented by the apparatus
vector representation of the pusic _signal again nakes

AFazyr e drisrmineiagpyebabiiy dhe pme-phihednusic sppal cortesponds with a
oRUPE n‘%o‘i of F?cﬂ{eﬁsli%fﬁrg: dlngg? Akl B¥fe Y gleoﬁéh 3¢ ﬁﬁrﬁeﬁﬁe Qccordmgly An

misi ¢ signal quantit y in a descriptive d
sterdew wf ¢he tleettizingwpronesd flgw oypdlsgratérkini HFigehlang t e r ns

’I’wo tyr£>ue§ Io? to?clegsna%le %'roposed: a chord event from the second layer 104 of Figure 1

and an acoustic event from third layer 106 of Figure 1. In the determination of the
probability the frame of the music signal corresponds with a token symbol (e.g. a chord
event) of a token library (e.g. the chord model of Figure 5), both hard indexing and soft

indexing systems are provided, as discussed below.

In one implementation, the token symbol comprises a chord event and the token library
comprises a library of modelled chords, the tokenizing module being configured to

determine a probability the frame of the music signal corresponds with a chord event.
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As di scussed above with respect to Figure 5, a
two- 1 ayer hierarchical harnony nodel and the

wezdosastipon of sub-band PCP features is di scl oBedSGA07/000299
har nrony nodel describes a chord event. Note that it is
relatively easy to detect beajgplacing in a nusic
signal. A beat space is a natural choi ce as a nusic

SPE%p A PHodr S obitBied A el Moo kol aip o

Blmsmrmsﬁguml Soiahr chotdpes Majod MintrRintikRh ah@ AaBMLALY in
f he song. far vector represent ation of the song -

pUer with g chardsicagh ypelu Eachodwrd modedgisisaribea afframtebased
@ﬁmﬁ e§&§%ﬁ%l?9mf@éﬂe%§§hé3{ﬁ%% ? RITEBLE,D %ﬁ (gf I’P‘lﬁlﬁ, a§ :htéhord

appar atus of Fi erm ne- & p

Smme;ceo f)vmhreachmimrd spangn%i oveomuitENefitdedMA Ehord hﬁiﬂ@ﬂspace A=
i brar and to determ ne a

oken oke
ge ftrragﬁé og@&g}llagt@ ci//f chord-labelledidata. thag h@en found the HTK
B <3kt6<5lbék Rt (DAARESHIfd W-hfer c'hbﬁa‘a[_%@él Sadel ALhB-6:hE% music frame

Two types of tokens are propose rrom
Onis rg@ggw@d |aggz epnvenidd &f a Eln(gdl eeent [zincicenrdameusith Eqenien®. That

O TS S 6 A e Sen AT e
clbuhé elsqnanﬁksdempdae athte @d‘k@ﬁ s?MH&QJf th&toBen ﬁbﬁmf @'hlfsv ﬁi%tr@)lsic signal

of a token library he chord nodel
i5sharelons @kﬁrﬁa@(mﬁga glmx Suant sequgase the ydteammgmedule 902 in

“Cef@agﬁéjwtﬁ‘ﬁﬁgé‘f Cosed bel ow. I'n one inplenentation,

the to nprises a chord event and the token
l'ibrary conprises a |ibrary of nodelled chords, the
Lokenl zi ng dul e being configured to determ ne a

fr SI8EEONRX Plont b f iarte. 48 t he nusi c signal corresponds(6)
Wi th ac¢chord event. Suppose an apparatus conprises 48
trained frame-based chord nodels 508, 512 as shown in
Figure 5 (four chord types Major, Mnor, D mnish and
Thegnherd exbnisirepresdit et admoiy dfmidc NG dsat @aGid MBAN is

(i%ﬂ{h chord tg | describes a frame-based chord éevent
a&??f’é%\d;biégo ila%@%ww%é%p%wﬂ@ﬁﬁb{mwmﬂ pattemk. Tof
dBH&Le tBS nitisieRBhRNS ?&uﬁﬁﬁp nd"%&ﬂmﬁ&l‘fﬁ eGORL 9{_&1%?2%}6? ggﬁ are

over nultiple franes. space
dséined. dihwednone mpbtrieatatmmrth@fokeﬂn eyrdbcblabﬁipheéh aﬂladcaustictevent

as 20 f und t he. HTK.. PO| box for trajning such
a{ﬂ hq t§ o] 118 [ SPIARSIpSF 2 126%0 gousticeventypandthaekegizing module
cfefe@ﬁi&xe@fa prébabHa9 ey F8fe 8Ne ?Iﬁﬂiéesﬁé_lﬁig chrPesPofddQhith &Y &¥ustic

| in_accordance with Equation 6
event. The acoustic event may comprise at least one of a voice event or an instrumental

event.

Pure instrumental (PT) and the vocal (V) regions contain the descriptive information
about the music content of a song. A song can be thought of as a sequence of
interweaved PI and V events, called acoustic events. Two Gaussian Mixture models,
GMMs (64 GM:s in each) are trained to model each of them with the 20 OSCC features
extracted from each frame described above with respect to the music region modelling
apparatus of Figure 7. The frame-based acoustic events are defined as another type of

indexing/tokenizing term in parallel with chord events. Suppose there are terms r; for PI
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I's, tokenizing nodule 902 determ nes that the frane On

corresponds with a chord event of the chord node
wgepasm3(ivhe token synmbol of the token I|ibrary)PCT/hGH07/000299

the nusic signal is therefore tokenized into a chord

event sequence by the tokeni?bng nodul e 902 in

accordance with Equation 6 = argmax p(on | c,- )

alﬁglf‘#gﬁy %Vpﬁ%uég%ec Tt{r]agnecﬂﬁ f §da§a8£ns§rs %ﬂu me a music

TR BCiseEdopRe®Yndeddvehad tmeﬂy OF @t]] gesed, andla hhﬁlc signal is

vocal /1 nst runent al patterns. To describe the nu
thovefoendecodedinias apcad sefivenes Eanéhead (Byrambs sem i ghord and

efined. Thus, in one inplenentation,
aFWé%Fgﬁg% ?ﬁﬁ% conpri ses an acoustlgpevent and t he
t oken Ilbrary conprises a library of acoustic events,
and the tokenizing nodul e determ nes a probability t he
i,r-aammix pleg [musi ¢ signal corresponds with an acousti€/)
event. TFag acoustic event may conprise at | east one of
a voice event or an instrunental event. Pure
instrunmental (PlI) and the vocal (V) regions contain

’fﬂ%ecogf‘eﬁfskh @héﬁ’c@ ré%lt)@{_) @?tafeoiﬂd@}&@l%ltﬂ N80 B GatoANTRRY thef

hought of as a sequence of
dmﬂmedmhﬁrdluéﬂ useritle Wemtsoastisdexdng teruls Wodssign] acvestos figtsd music
Two Gaussian M xture nodels, GWs (64 GVb in each) are
€8BFPled to nodel each of themwith the 20 OSCC
features extracted fromeach frane described above

with respect to the nusic region nodelling apparatlills
Bfe dtiogliamd aCousttceddcp@msm@ sokeaizers feyapeis signal. T

defi.ned as anot her i

B Sy AP A9 e AR g e
dcotistid s@gﬁ’en%é ofor éﬁ&l\&ﬁtﬁﬁiém gidiear e%rﬁ it Jreprencad:ed bypmtekenization
| abel | ed dat abase. run-time, musi c

srethoby A e drenvaneSoMoIn 16U B Erpeloft ToROG) U Mrerefgtastics has
043 1 Se Sin ral' 1%%%&25 EFO?§§ r%etﬁﬁg%i chithf® sBoMQE@h substring

sequence e seen as the chord and
ametisintsGuely sml‘ettdac-gﬂm*[ 81 lahguage identjfreativh [22] and spekemplanguage

identification [23]. If one thinks of the chord and acoustic tokens, as the letters of music,
then a music signal is an article of chord/acoustic transcripts. Similar to the letter n-
gram in text, it has been found it is possible to use the token n-gram of music as the
indexing terms, which aims at capturing the short-term syntax of musical signal. The
statistics of tokens themselves represent the token unigram. thus, a vector defining a
music segment (which can be a music frame or multiple thereof) can be derived. Thus,
an apparatus for deriving a vector for a frame of a tokenized music signal comprises a
vector construction module configured to construct a vector having a vector element
defining a token symbol (e.g. a chord or an acoustic event) score for the frame of the

tokenized music signal.

A more detailed view of the tokenization process is illustrated in Figure 10b. The
process starts at step 1050 and the beat space segmentation 1052 and silent frame

detection 1054 are performed as described above, resulting in identification of silent
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The contents in silence regions (S) are indexed with
zero observation. Thus, the disclosed techniques use

WO b@s®esEnt s as i ndexing terns to design a vectBCT/862002000299
nmusi ¢ segnent. The chord and acoustic decoders serve
as the tokenizers for nmusic sjgnal. The tokenization
process results in two synchroni zed streans of events,
a chord and an acoustic sequence, for each nusi

Srpanit stoml 050 Rt hesnarcleBSBRB e By 058K nt fopmes are then
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bl : . Ny
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apay at gheh dor e hilvirage By sheoioos] dndrinsruiicare najdeB at step 1070.
t okeni zed nusi c sjgnal conprises a vector construction
hBeibosess Safls @@Fe@dl(%& construct a vector having a

vector elenent defining a token synbol (e.g. a chord

or an acoustic event) score for the frame of the
Vektenspaeel modslliog §V§NBIhas Beavorea datdard @dl ini tewi-lfsed B systems

t.okeni zat i on. ‘ s blustrated ip Fi Ob.. Th

Pt BEb R GRS ap gt ek Boflop bbb @il 4190 dolRent
86 BEMe Al flagkd D2 tiRNAethbd Rthatfif AARsHRIHEE ila@hidDRdksiBlE Known
performed as descri bed above, resultin

I n
$xpeoms deitiya theotistancedietwernfdognmenta easityas qqr%@ ther seatreattributes

non-si | ent f .al T [ I
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toaspesdnt wehysiasegmeon dilc mesic sédrhém és @bugliteyp as an article of

chord/acoustic tokens, then the statistics of the presence of the tokens or token n-grams

describe the content of the music. A vector construction module 904 constructs a vector

having a vector element defining a token symbol score for the frame of the tokenized

music signal.

Suppose a music token sequence, #;#:¢3%4 is defined. The tokenizing module 902 derives
the unigram statistics from the token sequence itself. Module 902 derives the bigram
statistics from 1#,(1;) t2(t3) t3(t4) t«#) where the acoustic vocabulary is expanded over the
token’s right context. The # sign is a place holder for free context. In the interest of

manageability, the present technique only use up to bigrams, but it is possible also to
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1064. Probabilistic tokenization is perforned at step
1066 for the ith chord nodel of the second | ayer

wo@sl301912 of Figure 5. For the detern nati onPOf/SGCH®7/000299

token type of chord events at step 1070, the token is

given for the nth frame by the ith chord nodel. For

probabilistic outputs of aco icC events at step 1066

two probabilistic outputs are provided fromthe voca

deniyeithsstrigtare atetistiosiivm Heg;(#72) 1400169 (24 € F) Bemp@nttfﬂbleft and
ens,_are given for the nth frame by the vocal and

]il‘c%léc%tﬁgtﬁt al nodels at step 1070. The process ends at

step 1072. Vector space nodelling (VSM has becone a

standard tool in text-baf d IR systens since its
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of the pr esence of the tokens or token n- gr ans

t¥brhiabe “ome’ aoont enit ipdetermned thpicthe phard veeter for the n™ frame for

GBEEGhe Gelan ot T Romaoni i S SEhElin ByOfsg 11026 10
fhiBin]@hertMon, BHetRt@edlcmesi © d8fifdRds. a IBHPIPREEredS mmtm:r the
t oken sequence, is defined. The tokenizing nodule 9

fremp veesphrds Wity griplenapyinghol/gkord eyeRtt ﬁechtao%’éwns@f‘a'%ﬁ 2 ehafd'

nh‘ghé l e 902 derives the bigramstatistics from
§ €re the acoustic vocabul ary is expanded
over the token's right context. The # sign is a place
hol der. for free context teres

Mipmgdvaly. the yect?wn&n&@ﬁtqut@&mﬁiﬁ ale%ﬂ’&rﬂegtoa glemgpip)ss @

BUTALS Mt Rl s b g
Thois i Bfustraed in Figire lﬁomh@x,tfgr example the Vector construction module 904
determines that a particular element 1202a of chord unigram vector 1200 comprises a
0.04 probability of being the chord element of the chord library corresponding with
element 1202a. On the other hand, vector construction module determines there is a
0.75 probability that the frame corresponds with the chord event corresponding with
element 1202b. In this implementation, the vector construction module determines that
the vector element has a score between zero and unity. In one implementation, the

vector construction module 904 defines the vector elements so that a sum of the vector

elements within the vector is unity.
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Thus, for an acoustic vocabulary of \c\ = 48 token
entries in the chord stream we have 48 uni gram

wo e@goaney itenms /"' in the chord vector Jn = BET/SG2007/000299
/[, . . ., I " }as in Figure 11. The vector 1100 of
Figure 11 is a chord uni gramyector constructed by
vector construction nodul e 9074 by a vector el enent
defining a count that the frame conprises a token,
L fhesame wapHEFier egmshucion madule S04 corstiagisn acqursicveeipppf two

e SRR PRI AREAT 1 B ENCPIRR S 0Kl i

thBREEFRDREhQlon MERAOH0£bA T8 mlatBs lr-f" h&tequal to 1, if
n=Cl-otherw se its 0. Refefring to Figure 11, the

chord uni gram vector 1100 conprises el enents 1102a,
1102b, ... , 1102n, where in this case n = 48 .
Eo F3riws dhrishogt-tepm dieamigs.dhg yerdor qongiiystion mashily igglsogonfigured
PR L etk D RS Sl 0l S P YEG R 2 chord
lﬁ%fﬁ&[ V&8s drhesaiRenshn hmesRdime (10! el erent  ABFIbyhd# if both
this inplementation, ‘the vectoi"elehent “I's defined as
H=bianary,. saothen g hetheswisé e =0r il glgranespastidbigainivector of
t he token synbol /chord event. Such a system defines a
t2p g4l dienensiorpis &ggiedm Al ternativel y, the vector
construction nodul e defines the vector elenent(s) as a
probability score of whether the frame corresponds
Thushfca atroksisegyenodf § diaared, 2acteond hinighdm sedtar i | | ust r at ed
iLn Figure 12 where, for exanple, the vector
gomstivuct.ifgn . apll ie coostrudted dryraggeegatimgithe drapaer vacoars with the i"
el ement 1202a of chord uni gram vector 1200 conprises a
demant@sobabi | ity of being the chord el enent of the
chord fibyary corresponding with element 1202a. On the
oy P, hand, vector construction nmodul e deternines (8)
there is a 0.75 probability that the franme corresponds
with the chord event corresponding with el enent 1202b.
In this inplenmentation, the vector construgtion lr!pdul 63 43
"Bleet érond bigsart vedtot dfd48e48=2804] cﬁmemiomsagfg,a: Bfore, fgtuedy ~ }is
zero and unity. In one inplenentat iéon, t he vector

[ and ] s ector elenents so
@%@%ﬁ‘ﬁ%@@hghiﬁﬁwe fgﬁgﬁ{l vvia%(hi n the vector is
unity.ln the sanme way, vector construction nmodul e 904
constructs an acoustic vector of two

fd =3 g ©)

The acoustic vector can be formulated in a similar way with a two-dimensional vector

for unigram and [2x2=4] dimensional vector for bigram.

The hard-indexing scheme above provides acceptable results. Although it would be
convenient to derive the term count from token sequences of a query or a music
segment, it is found that tokenization is affected by many factors. It does not always
produce identical token sequence for two similar music segments. The difference could
be due to the variation in beat detection, variation of music productions between the

query and the intended music. The inconsistency between the tokenization of the query



10

15

20

25

uni gram frequency itens in the acoustic vector for the
acoustic stream For sinplicity, the vector

wa@eousisaier i on nmodul e 904 only fornul ates / nexpPCT/SGI07/000299

capture the short-termdynanics, the vector
construction nodule is al somgf£fi gured to derive a

bi gram representation for t onsecutive franmes. As
such, we build a chord bigramvector of [48x48=2304]
eAhibA dntgpded music pregont gndpsired migmaich as far apMIIR ingRAcerTcf.

ekl 37 e iers I s B Y s RREOURLLCa PR e
masns:stsmg'rrenmararﬁexﬁsteﬂrbgnmbsutuuanb of tbkans @wtwm:n/életdemreld 1hbel and

' t t t
e drerratioR resoff- Lo foin i OB it iBeBl PRREMS AGRTBI Bafeen
Mﬁﬁu@ffy &ld tflé‘ﬁ%éh%ea %'Qfﬁc L MBRSTE A8drbsshis proflémYibe soft-indexing

}is constructed in"a simlar way
WhPmCMS@S téb mntzel(Szas prol)abdsvtm’nezcbm@u@at gengeate dpogerone

DRI B <4 5 Mond e Rbule e BRI S e counting

B @te@dt colfinfahéhr thaghoxteiieri %fdb@lﬂiﬁt}am\& seé0¥d sdEsShits of the events.
acceptable results. Al though it woul d be convenient to

Hepeveplereeniasion desaft- S GFA ﬁoanehteéiéau@th e ordyangl agopstic
géc%@rs %@bg%?ﬁ%ﬁgsﬁla &o Hﬁs ﬁwgﬂ' tfg@@ﬁor& QF Hll ﬁ{lé Oagcérﬁmg to

ecte ctors. not a
Bdgmst rudalwd lkven sequence for two simlar mJSI c
segnents. The difference could be due to the variation
i n beat detection, variation of nusic productions

bet\gzen t YL and the intended nusic. The
ipiG N3 en the tokenization of the queryandi2)
the int %%plé@nlﬁbsﬂ(@)present undesired mismatch as far

as MR is concerned. Assumi ng that the nunbers of
beats in query and nusic are detected correctly, the

T s T e
eweats| p&ic;) dan detdodggrd iffons BYSULY, N\tlﬁcﬂl isti@rsimplifiéesent s a
m smat ch bet vveen the query and the intended rnusic

t. flo.lddress this problem the soft-indexing
2L (13

% Jllke)tokenl zers as probabilistic machines
t hat ge fa e poster|0r|

Let P(ci|o,) be denoted as p,’. It can be interpreted as the expected frequency of event ¢;
at n™ frame, with the following properties, (a) 0< p,'<1, (b). A frame is represented by a
vector of continuous value as illustrated in Figure 12, which can be thought of a soft-
indexing approach as opposed to the hard-indexing approach for music frame using n-
gram counting in Figure 11. The soft-indexing reflects how a frame is represented by
the whole model space while the hard-indexing estimates the n-gram count based on the
top-best tokenization results. As noted above, although the hard-indexing technique
provides acceptable results, the soft-indexing technique provides a higher resolution

vector representation for a music frame as will be described below.
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probability for each of the chord and acoustic events.
If w,e think of the n-gram counting as integer

w@owanserg? then the posteriori probability canP@ESEE®N000299

as soft-hits of the events. In one inplenmentation, the
soft-hits are fornul ated for 9 th the chord and
acoustic vectors, although it gossible to do this onIy
for t he chord vector accordi to Ba r.u

WIPE (R EpEe St ':“H%Peﬁfieareaﬁf oSl oyt BPS"F’H%” probability
of wa@ even&sﬁdﬁmé BEtyRRn Rivh HandeB O a‘?ﬂﬁlﬁ+?}-”%h bE *aanﬁxe
p(CIC |) can be dropped from Eq. (12) st

k) g,d as Let P(Ci\on) be denot ed as pn I It can (14)
bé’ln Brprtted as the expected frequency of event c at

nth franme, with the follow ng properties, (a) 0< pn |
<l, (b). Afrane is represented by a vector of

A1 B L Bl P ) BPL T2 S0 Fora
ﬂﬂ?rglr%?@ﬁoﬁéﬂq?s:’] e gﬁqﬁ‘ﬁp Crll}%f?lgl)j‘? glglgglfulf élrfdr{grg%rrrrheﬁeynsll)e egstlmated as

dJZCWEAhOW a frarre is represented by the whol e nodel
gﬁ we “Whi,Le”:t he hard-indexing estimtes the n-gram

count based on the top-best tokenization results. As
not ed above, although the hard-indexing technique
provi des acceptable results, the soft-indexing
techni que provides a higher resolution vector

rap-éserpati on for a nusic frane as wll be described
k@%\/\fﬂzmhpmg the nusic frames are independent each (16)
other, the joint posteriori probability of two events
andj between two franmes, nth and (n+|)th can be

tipmated.as where P has si Lar o erties as Pn -
?ﬁys tg{gﬁof i cfexm@b‘jector for query, ﬁ{ uc SEEIPSAL ¥ {f N @}
frames, the expect ed frequency of uni gram and bi gram
Raplating est (gymtiedERg @)}, Thap) whe BT \(d))ifl ©guaeb/EC4m@r Equation
for query E{f N (q) }and nusic segnent E{f N (d)} .
R phasinmbyr felévahcd sporasicah by nsedHipu sdft-dmdetid gangkifguat i on
13, the simlar rel evance scores can be used for
sof t-i ndexi ng ranki ng.
Figure 13 shows schematically how an n-gram vector 1302 is constructed by the vector

construction module using N frames 1304 of unigram vector and how the relevance
score 1306 is evaluated between a query music segment 1308 and a stored music
segment 1310. This process may be carried out as a stand-alone process. Optionally, the
search space of the query music segment 1308 in the music database can be restricted.
Firstly, the tempo rhythm cluster of the query clip is determined as described above.
Then, the search for matches within the music database is restricted to stored music

segments in the database within the same cluster, or integer multiples thereof.

This processing is carried out by vector comparison module 906 of Figure 9 which
determines a similarity score representing a similarity between a query music vector
associated with the query music segment and a stored music vector associated with the

stored music segment. In this case, the query music vector(s) 1304 associated with



Figure 13 shows schematically how an n-gram vect or

1302 is constructed by the vector construction nodul e
waigimg3tt rames 1304 of uni gram vector and howe€TeG2007/000299

rel evance score 1306 is eval uated between a query

musi ¢ segnent 1308 and a storz musi ¢ segnent 1310.

This process nmay be carried o as a stand-al one

process, Optionally, the search space of the

g quer

RISy Crasis PRI B9 16 Formpc AP A hHakSE mausic Fstorls) 1310
i.qt i o rhythm cluster of the

gﬁ%&%tegf’?gl Sitglleg z%de%orrsle%@gn%?%és cr iybed above. Then, the
search for matches within the nusic database is
restri.cted to stored. sic se nts j.n the dat abase
AR 1R Bs< Srebo efSioBil Coprdifatt ke WarAT prEG thedecgrcan be
#BAted B HERS 8inhsiohalCaFaly Ehe ﬁ[‘éges@bf UEEHRE uRRFRA l‘éh@,@it%ram vectors

nodul e 906 of Figure 9 whic etermnes a simlarity

Serryrausie prgaaamh tivaly ea minimuna eomputhidonade pragticp. groge vestprs are

I ' .0\ th e gue sic se nt and
5b ko BORRIG oot rul R PRG-I, oS0 el om e
skgnaton. Notd thiasthe sk@nizhfien Py eNIShtes ¥ @RlsRI ftahe 43kt all the
associ ated wi thquery nusic segnent 1308 i s conpared

quer ¢ . C
Gnard/agoystic srodelsiab highergpsprutatianalgast Thissceg beglope ptline-
Wi th stored nusic segnent 1312. Al though we use
t wo- di nensi onal coordi nate for the bigramcount, the
Tee MIR mracesbevdluaed the sinsilaaitp betwdeme Qsérymaksi@segayent ditikeall the

rocess of. deriving unigramanpd bigramvectors for, a ., _.
ﬁ%}gdil@%%@aﬂﬁ SEEMEA TP STHRIRT e %‘Hﬁ&%ﬁf@% Jectpp(ds dimension) is
practjce, thosgjvectors are conputed at run-time
denoked Iy (Drpdh ih 62)cfrnokes dadrehord pigram yselpr @304 dmgnsipmigor
fromthe tokenization. Note that the tokenization

§ii6rg 5 N feanadsUSinGitarEy, AYBdrd u.fn[%?]ﬁﬁ vt i dpddd 4 fdrd bigram vector
chord/ acousti c nodel s at hi gher conpuwatlonal cost.

X =
e e T
t he candi date nusic segnents. For sinplicity, the
chord unigramvector (48 dinension) is denoted f N |
T siamldrity etyedn ievogessn véntors irodetierbiingdafiom ectonrpa(igoBofithe two

I.nmensi o f.or a query of N franes imlarly, a chord
OB e b (R She bR R Parm ventor 1
(d) can be obtained fromany segnment of N franmes in
the nmusic database. The simlarity between two n-gvam

gagk2i§%k§»q§ﬁﬁﬁ@@n%@aﬁron1a conparison of the two 10)
\Fi @) | (@)

G @ 7@
@l @)

sCFy (@), (@) = (11)

Ranking module 908 then ranks the stored music segments according to their relevance

from the similarity comparison to the query music segment. This is done as a measure
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uni gram and two bi gram vectors respectively is as
foll ows: Ranking nodul e 908 then ranks the stored

wo@so3deyment s according to their rel evance fPOIBGH®7/000299

simlarity conparison to the query nusic segnment. This

is done as a neasureof the di,sfance between the

respective vectors. The rel evance is can be defined by

the fusion of unigramand bigramsimlarity scores.

qiike distAnen betsisen deFathectieoyeckrn e dcleyancs jsgnde defined by the
t Lo, L or o . o

A IS oLRLACAMAR) Byt AL S685 S o, il

&d gimipket additionalf olicdurd grd npamiUs giam seods ok,i in ghepatehmativa esean

was stud'gd first followed by MR experinents. The

%ﬁ%%?%&ﬁéiﬁgéd in the sinulation was apparatus 1600 of

Figure 16 which provides a nore detailed illustration

of the apparatus of Figure 2. A song database 1602 is

pr osiesiatidn pshoap pat zcousticlidodellimhperfaryahen wag stadied Girst followed

e segnent atiQn and sil ence det.ection process, of
o BRI bRl FE0G BEVES IR PHRBR G B0 of
Fhar< TR BiIch prdvadss Mot demmee ihisastic ofthe Wpgarfus 8f Figure 2.
performed by nodul es 1608 and 1614. In parallel wth

this, the nusic region content extraction and acoustic

FEBR 4RR0Ee 150 rorb BB TR R BE Ry e

sdgusheition Shdkilaike gewctasmscas ef Bigurd 21 perforthed bpngdaleyl 604.

nmusic clip (segnent) 1620 to derive a query. nusjc
heliawing b hs S hagRanYsTYeny Iﬁ_afieililrrggofaﬁiauf\? é;y:lﬁ gpriormed by

0 . I .
SRR IR RLIAOR) SRR R S8 LA bion s
adolustid evehenhod¢llin$ @BFightee’ is-pgriarmedh emardales i 60fkamiglG18. Module

ried out at 1624 between the query nmusic clip
\%@3} CTHRSS ¢ %‘i?ﬂtpﬁz‘h}f‘ﬁaﬁ@%geﬁmsi c content databases

1618. A list or results of possible mtches are
returned at 1624. |In one inplenentation, the nost )
Pinkibdr prasasegh aretcarriasiout fier agqrsrymusic clp (segagnitid 630 & drjive 2
result.. A spngG??t abase DBl for MR experinents was
EHABIPENEE " éxrF act ed fromoriginal nusic CDs,
digitized at 44.1 kHz sanpling rate with 16 bits per
sanpl e in nmono channel format. The retrieval database

Eekmizagien, inderiamgkvasior somprtisog distagce palewlationy are carried out by
module 1616. The indexed music content database is illustrated at 1618. The n-gram
relevance ranking is carried out at 1624 between the query music clip vector 1622 and
the indexed music content databases 1618. A list or results of possible matches are
returned at 1624. In one implementation, the most likely candidate for the query is

returned as a single result.

A song database DB1 for MIR experiments was established, extracted from original
music CDs, digitized at 44.1 kHz sampling rate with 16 bits per sample in mono
channel format. The retrieval database comprises 300 songs by 20 artists as listed in
Table 2, each on average contributing 15 songs. The tempos of the songs are in the rage

of 60~180 beats per minute.
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Tabl e 2, each on average contributing 15 songs. The
tenpos of the songs are in the rage of 60-180 beats

w@esosnsaiot e. Each of the 48 chord nodels is a t MOFRGHOI/000299

representation of Gaussian mxtures as in Figure 5.

The nodels were trained with notated sanples in a

chord dat abase (CDB). The ncl uded recoded chord
nples fromoriginal instrunents (string type, bow

E?‘ﬁ’eﬂf the doehngd masels is o &y odayeneapresgataigm ofigayssian mixtures as in

i
RSl 4TS LU LRl SR A6l LRI i s PR
ThaCDByinkindéd sbodaind®rd sangildsfedm@kighil inswhinbnts ligriag dype, bow
of sic sheets and Jistening tests. Therefore DBI
Wﬁeftﬁd@egam AtF) 2DWRIL 35 S WLhGHC iBsRmeNth(sattwaiesepgrated). In

m&u ik ém%g%%l&lﬁd&ﬁcho?@%ﬂ&eg &&Ra%éﬁﬁkﬁﬁ 496% plity

chord were used for training and the renaining
Eegltsihrsgngsn a sutpssoM2AB i dwiith the as@binpusﬁx@ts angriis&dning tests.

J;".;E 3B §ee]8 P‘gf‘zagarr %L‘?%@L%%Ofgﬁgi f‘ﬁyﬁfi gqlg@ewgaﬁnmg from C2 to

BBWI% of ﬁﬁéeamméd oF edchldMbrd Wersiuded for Hinidy SAd¥AE Qeh@UBIg 30% for
chord nodel was constructed using 128 Gaussi an

feptinginesoss Gahidation spop- Experimental vesults e shovpapfignes &4 The

SR 4 o REL SR80 ol LI, Gl Tl i fver moce
(I ineFiy@etldr & siwide E@élccﬂioﬁi edelinvacoasteaneieusing 128 Gaussian
Equation 17: It was noted that the propgosed TLMw th

MBS Oengral A?E%Pefaam%megse (0P 6EP MsFased fprdratpige and testing the

%Oﬂﬁ?ﬁé 50/08@%@% ?ﬁlg gien r‘%ﬁgf‘ng’ 0‘2&’ E‘ﬁigl‘ﬁg g(g?tgﬁ was

Fﬂcﬂ&%%%&dﬁﬁé@@ﬁﬁﬁg@}@ @hal ysi s depicted in Figure

8 highlighted that characterise nusic content

nor e uncorrel ated than MFCCs. In this experinment, 100
Engllsh son mere selected (10 songs per artist and 5
6t PEPS (et (aﬁn DBl . The V and Pl regions a7
wer e annot a Eac V and Pl class information was

t hen nodel | ed vvlth 64 GM; 100 songs were used by

cross val jdation where 60/40 songs were used as
¥ s mpieg/that dhs prgpesed TIo¥ it featurgyteacisddrumBSSutperformed the

B Bl B PR P Re ROl " et t i ent's of NEOG.

and OSCC features. The correct detection accuracy

The compare performance of OSCCs and MFCCs for modelling regions PI and V was
compared. SVD analysis depicted in Figure 8 highlighted that OSCCs characterise
music content more uncorrelated than MEFCCs. In this experiment, 100 English songs
were selected (10 songs per artist and 5 artists per gender) from DB1. The V and PI
regions were annotated. Each V and PI class information was then modelled with 64

GMs. 100 songs were used by cross validation where 60/40 songs were used as

training/testing in each turn.

Table 3 shows the correct region detection accuracies for an optimized number of both
the filters and coefficients of MFCC and OSCC features. The correct detection accuracy

for PI-region and V-region is reported, when the frame size is equal to beat space. The
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for Pi-region and V-region is reported, when the frane
size is equal to beat space. Theaccuracy when fi xing

W0 b@ssEne size to 30ms is reported. Both OSCOPErEGMIC®0299
performed better when the frame size is beat space.
OSCC general | y out perforned CC, and is therefore
particularly useful for nodelfing acoustic events. In
DBl, 4 clips of 30-second nusic were sel ected as

agoeedewhen Gring denframe pige tq 30msis reparigdaBeth QYeGrpd NFEo

e » _ ! !
e gt Mo BBl g Pep PSRt ey b Rormed
MFTeNafliB ierefobepdratitadyeriid for mobdlingsrousticorgtsand

the query is defined as the sumof the simlarity
score between the top K nost simlar indexing vectors

I%\?ﬁ?éfr qgcéﬁgg EF ¥0-¥&5% Qrmus-irﬁy‘fc?érg abikded 5? higerie€ frohPedef aiht in the

ing the snmallest note ngth in the query,
ddase, tdrallihg B oliph v of ¢ klips, &ve clifs helmgsoNgeegian andeother two

efoed e EEregiin Feict EEt Bl HEVERE s aedhp fons
d;rlggﬁf%ﬁéﬁﬂf {HeBRE® af (b %ﬁfﬁr&ﬁﬁe ABlaffebyebrecathé i K most

st"note length of the query or integer nultiples
similatiedexifhesctorh end thewjueiyngconbicatlys Kds sito hep@
ranked according to their respective rel evance scores.
Figure 15 shows the average accuracy of the correct

ARG ohRiutih R snydme st dobeleLtariy tHeaugty) chek th@tengd/thithim clusters
2-sec to 30-sec. Both chord events and acoustic events

aidhesangn & e datd bpsp ischacked JErisARS FRigaARR AaKInGr QY fifsongs
r I [ o 4
g T B e R
Joneidertd as B-spetlestiroie kehgthsif el rergoeiniegbemgltiptes of beem. Then
retrieval accuracy for top-5 ,candidates was | nproved
thy SerLYng $pngs B) B DR hwerernked AgEaTime e et ReRFCR Enisiiatee
gcts of chord and acoustic events in terms of
retrieval accuracy is shown. The sinulations show that
the vector space nodelling is effective in

epresenting the | ayered i c_infornmation i ey
RSB A B TR P B N D
JehitR v RS atib@froHel- b0 BD-se@Bdik ch@dRelerith atid 4dv@stic events were
sof t-i ndexi ng out perforns hard-i ndexi ng see Equati ons

@naidered. for ¢ongievesinglr-graontsiciirh J D GYER8ET 2CBIASHIOS Caffigrt Song
ety i%\lcgf;] foidd s%éjg'roﬁr% 56% fBIeTEIE %ﬁ%'T&Fg‘th J&Jy‘f‘ng from 15 ~30-sec.

For the similar query lengths, the retrieval accuracy for top-5 candidates was improved

by 20%.

In Table 4 the chord event effect and combined effects of chord and acoustic events in

terms of retrieval accuracy is shown.

The simulations show that the vector space modelling is effective in representing the
layered music information, achieving 82.5% top-5 retrieval accuracy using 15-sec music

clips as the queries.
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can be understood by the fact that simlar chord

patterns are likely to occur in different songs. The
w@e@amsi1g7 cont ent hel ps differentiate one fronPEeGCHOT/000299

i Thus, in summary, the disclosed techni ques have

proposed a novel framework fqor. MR The contribution

of these techni ques i ncl ude: 30a | ayered nusic

information representation (timng, harnmony and nusic
It eayi terfounhthenths soft-indpxing eutperfarms hardoigdexing gecofquations 8 and 9.

SERRY R B ARTR R 2yt PEKRELH pRfBffnce. s

daf be WH&drStobd B Wi factanst siraflar ctivad patieatscré likkeyitmgeanih different
softindexing. It has_been found that octave scal e

sPDSS: d hp Assha comsent AskRs |difergntiase PRAEBIMAPOWRE i nt er beat

i nterval proportion segnent a‘ti on is nore efficient

than known fixed | ength nusic segnentation techniques.

Thus gid Gutrinoany, thddisdioswl testmdiyee htwve proposed g nogel franework for MIR.

,ﬁ%?el . be r}[’gre ef f.ect i.vci (iehan the discl osed
) ‘ifl’??r on REL : ?Feﬁecbiﬂﬂluﬁﬁcﬂ ‘abl e to index greater
.ﬂgé Zz}ﬁegeggﬁu@ﬁﬁ&ﬂa@ifoﬁ E%E?}Eéeﬁ&tioﬁ RemireS hAhR a8l flic region

acoustic no statistics I nprovées retrieval

acconterey); ef fectively. Further, nusic information in
different | ayers. conplenents each other in achieving
wﬁ}eo%ﬁt%@%%ﬁm@ onyrand TG ERIBCONR b s

etyl.l ' f ds on how wel |l the
'lrn#l%r‘%g?)%r%??dgggt&&r(ggﬁg\?@ﬁorgﬁgﬁgh musi c retrieval
d Stvbeetievalrmodgp foraatdio imdeinghaing rdtrievatyvioir&-index mgamd dofi-
vect or, space nusic nodelling franmework is useful for
delde¥BEng many ot her applications such as nusic
summari zation, streamng, nusic structure analysis,
and creating nultinmedia docunentary using mnusic
It barereen GsundEhatoctavhecale seisivsafprmeddmingdeling fallowed by the inter-
application in other | evant ar.eas. | i1l b .
BT LB SoEREn OB PO TG B TRvet fsafepgh music
308 thti G RURAiGuN Y adunsbr, Bt diMAcse@ Yot imibixin gortrie@ AlsSmO®Y may
bé made in detail w thout departing fromthe spirit
terrdorsedisetivsf tham thealissdosgd bargHadering pre, dnd may| bg@blpeto index

gargﬁére(fejtﬁfseo‘% n!iulg?ct in{“oerf’r‘ltaﬂgﬁs presented in

The fusion of chord model and acoustic model statistics improves retrieval accuracy
effectively. Further, music information in different layers complements each other in
achieving improved MIR performance. The robustness in this retrieval modelling

framework depends on how well the information is captured.

Even though music retrieval is the prime application in this framework, proposed vector
space music modelling framework is useful for developing many other applications
such as music summarization, streaming, music structure analysis, and creating
multimedia documentary using music semantics. Thus, the disclosed techniques have

application in other relevant areas.
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combi nation in one aspect of the invention may be
freely conbined in other aspects of the invention.
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1. An apparatus for nodelling layers in a nusic
signal, the apparatus conprising: a rhythm nodelling
wore@sloaoieonf i gured to nodel rhythm features of P€18G2007/000299
musi ¢ signal; a harnony nodel ling nodul e configured to
nodel harnony features of the nusic signal; and a
musi ¢ regi on nodel | i ng nmodul3® configured to nodel
nmusi c region features fromthe nusic signal. 2.
CRpp&r at us according to claim1l1l, wherein the rhythm
nodel I i ng nodul e is configured to nodel one or nore of
beat, bar, tenpo, note duration and silence of the

L nusi gn%bgélﬁ{gs for- m&%ﬂﬂg%ltrag%rs arh ﬁiatgiicrb%riaﬁ thd @ipatatusdomprising:

claim rein the ny nodel ling nodule is )
conf & gutied niaietingahodrie canfiguedtoaodshrhybimy feateresef hgynusic
of the nmusic signal. 4. Apparatus according to any
sighaldceding claim wherein the nusic region nodel |ing

modul, GanSor§yIhbdediafoddle BBSRIure® B6derhaenely foatues of the
instrunmental, pure vocal, and instrunmental m xed voca

mueigisggmel;@fdt he nusic signal. 5. Apparatus according to

oo PBRRE e bl rer 50 oot 0 ST REPC g features

flofNt laeic serlsi ¢ signal, the apparatus conprising: a
sunmat i on nodul e configured to derive a conposite

onset of the nusic signal froma wei ghted summati on of

e a%gpglgﬁg%%d@ggﬁ[:&irﬁﬁ %vlilsre%le Shyth@NAbdelE module is

aut oC tron e configured to performan
canfiguead toahadel one of mbtesofbeatp bas, tesnn sete dofatioh@ndgdense of the
signal thereby to derive an estinated inter-beat
DREEE-onal note | ength; an interval |ength

determ nation nodul e configured to determ ne a

repeating interval |ength between dom nant onsets when

3t he dgparatsedcordingrio blam lpream 3. grhsrein Siechapeapy modelling

l‘l\é)gmqelg ;ﬁ?@%%d] tﬁ)&ﬁg&e&gﬁ% Qagg#:éﬁﬂéglgg}% ’éﬁ'éd%%h? of the music signal.

4. Apparatus according to any preceding claim, wherein the music region
modelling module is configured to model one or more of pure instrumental, pure vocal,

and instrumental mixed vocal regions of the music signal.

5. Apparatus according to any preceding claim, wherein the thythm modelling
module is configured to determine a smallest note length of a music signal, the
apparatus comprising:

a summation module configured to derive a composite onset of the music signal
from a weighted summation of octave sub-band onsets of the music signal;

an autocorrelation module configured to perform an autocorrelation of the
composite onset of the music signal thereby to derive an estimated inter-beat
proportional note length;

an interval length determination module configured to determine a repeating
interval length between dominant onsets when the estimated inter-beat proportional note

length is varied; and
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l ength fromthe repeating interval l[ength. 6.
Apparatus according to any of clains 1 to 5, wherein

wao b@sobogphm nodel | i ng nodul e is configured to PE/SGEHONB00299

a smallest note length of a nusic signal, the

apparatus conprising: octave sub-band onset

det ermi nati on nodul es confi gdfted to determ ne octave
sub- band onsets of the nusic signal froma frequency

t r ansi renit leapthl desdrmireation anodaeesogfigtired s detatmiaa alsiailsst abte

a deco sed versjon qf the nusic signal; a summtion
lﬁr&ﬁ}ﬁfrgﬁ@gﬁﬁp@?%lq%v%é?qg\!}é a conposite onset of the
nmusi ¢ signal froma weighted summati on of octave

sub- band onsets of the nusic signal; an
Gut ockppasdtas dosordingitel aay ob aingut &S, twhepein ftieer tythm modelling

Ci ul ar_autocorrel at.ion of. the c site onset of the

tiodic s Sogatey K delePipg s gBpHsealr ISt ol WESF Mearl Hear

appaaes cogpakingot e | ength; a dynami ¢ programm ng nodul e

configured to determ ne patterns of equally spaced

i nt erogtavs spebordensaloiateratination seadulesteenfigured exddtenmingloctave
I J s varied:.and a

shBthg SEREs RPN 30k AT RO Do LAl M of encray

tehakientranalys® of Brlet@Bposad versioq g the thugesichs; nost conmon
smal l est interval of the e?(ual y spaced_ intervals

whi c it SUEITBAtO8 mBefulstagigrredia der b eATIpQsig st At Brevaysic signal
flom é\%%d;ﬁnnggg Bk @ sl GREL P hThaliflitlier el N

the har ing nodule I's contigure el
chor dg agfocarrplatorcmsilygle abnfigired eypafoanascirolap nitotogelation of the

Gl obel it BR HELY G SR GeBe Rifen
a®hbteldrzsh;0f nusical notes in frames; a vector

construction nmodul e configured to construct pitch
cl as¢ Jynamid prograpmeing nfadgln aonBgured & detramiae patares ofegmally

M del .configured to be. trained by the .
Foceh b @4l SR P GRERHRY Tl B <Girbffly Hicr o2k bioBorcional
nptedlbeh lid wirded; aeict or s; and _

a note length determination module configured to determine a smallest note
length from the most common smallest interval of the equally spaced intervals which is

also an integer fraction of longer intervals.

7. Apparatus according to any preceding claim, wherein the harmony modelling
module is configured to model chords of a music signal, the apparatus comprising:

octave filter banks configured to receive a music signal segmented into frames
and to extract tonal characteristics of musical notes in frames;

a vector construction module configured to construct pitch class profile vectors
from the tonal characteristics;

a first layer model configured to be trained by the pitch class profile vectors and
to output probabilistic vectors; and

a second layer model configured to be trained by the probabilistic vectors

thereby to model chords of the music signal.
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a second | ayer nodel configured to be trained by the
probabilistic vectors thereby to nodel chords of the

worn@so3ddynal . 8. Apparatus according to any prECESGHG7/000299

claim wherein the nusic region content nodelling
nodul e is configured to nodel npusic region content of
a segnented nusic signal, the35ppar at us conpri si ng:
ctave scale filter banks configured to receive a
r ane A&ﬂ)a@t@@gm@dx@do a0y precedigg alaimmeihereindbe inveicaegion content

f.the nment ed. nusi ¢ signal; an .
R o b PP B bl ol SN il DT o oo musi
dignaly theappauts copptisiaf: coefficients of the nusic

signal fromthe frequency response of the octave
filte Pc%ﬁ%%@ieaﬂé?rtbé%@éméemé 4@ taceiventfraneef cwgmentsidmgusic

i Ci t.h i j | f
R SE BRIl RERRRL) RIS 0Bt sBFmEM B s TPt a6 ng
clh ai ma diovifcoefficiedt ﬂﬁiﬂaﬁbﬁamoﬂeleﬁ:oﬁ_ﬁg@i&&&@%ml&dc@avéic@ﬁb%ilal
. t
S TPPBH BB e n R Bieoal 10%h fharfEagmmastreshoBgeibe acteus fiker banks
sndidaeriad geahife %Eﬁée‘g‘c&glpﬂsiﬁg %@%@% %ﬁgﬁa@&%{%{i% of;tfne t&ic

musi ¢ signal corresponds w

sighal 4o mpsigrsgionsnd t o deternine a token for the frane
accordingly. 10. Apparatus according to claim9
configured to construct a vector of a tokenized nusic

8i gnahppirtias appediaf UsaryOFTeEddil g Waith ¥&GiFeBfeddB G ehibe el @Pmented
modul e configured to construct” a vector having a
PEYE Signah Biveippargisicampgsiag pdrkmizipgoduls configired td teeeive a

fra88r 9F ki | G.Si.anal . 11 arat us

arlcq or di ngSE oe%%%kég%’éﬂjn%déﬁﬂ & r%neaaegrgl?aﬁ?]ﬁtg @e frame of the

Bse Isgnaltopnbapmdﬁ with apolérysymtel 6f 8 &R MbraaHthnd 16 kR fine a
Si egnent, t pparatus conprising a vector

t%%%??@%%ﬂﬁ?%delﬁgﬁfi gured to determine a sinmlarity

score representing a simlarity between a query nusic

vector associated with the query nmusic segnent and a
K} or etipranahsaccenting teadsior? aordipuvéd to dohengt avedondid ©kenized

2. t f. del I'i hord f musi
rgﬁsg%_glgﬁalt %‘8 agé%gt?‘é? ?fg‘gﬂﬂﬁ% A %?tﬁ@@ér%%p%rmﬁqlﬁ@ Pgrﬁgv@ws' to
castiucyu vestot RavirfiC# yakPoreléttsi: Gehiagal toREHVRIYoE ok R the frame

frames | ..
of the tokenized music signal.

11.  Apparatus according to claim 10 configured to determine a similarity between a
query music segment and a stored music segment, the apparatus comprising a vector
comparison module configured to determine a similarity score representing a similarity
between a query music vector associated with the query music segment and a stored

music vector associated with the stored music segment.

12. Apparatus for modelling chords of a music signal, the apparatus comprising:
octave filter banks configured to receive a music signal segmented into frames
and to extract tonal characteristics of musical notes in frames;
a vector construction module configured to construct pitch class profile vectors

from the tonal characteristics;
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and to extract tonal characteristics of nusical notes
in franmes; a vector construction nodule configured to

wa@oeousisaiert pitch class profile vectors from t heCT/86Z07/000299

characteristics;a first |layer nodel configured to be
trained by the pitch class profile vectors and to
out put probabilistic vectors:36and a second | ayer node
configured to be trained by the probabilistic vectors
t her ebfirst hyemedel chufigisedto Herteimadshycths ipitoiatlasslifofile vectors and
Appar at u cor di to.claim12, wherein each octave
tPPﬁ&u pﬁ%ﬁaﬁggh%?ﬂg%émpmelve filters centred on
r s pegddetid fayércdami b fi ur QUGB ddfy the pRIVabINE: PRLES
in each octave. 14. Apparatus accordi'ng fo claim 13,
thprebp fmedel ishends pé theimusiongnajur ed to capture strengths
of the fundanental frequencies of its respective note
and sub-harnoni cs and harnonics of related notes. 15.
Bpparappasated aczoyding to@ldin®, kheieth dabh dohsE Eilter bk comprises
vector construction npdule is configured to derive an
t@PﬁWéﬁtﬂ%@enﬁe PR £§Peqtiys dunslagreniab frggieansies Of espectiyg apies in each
cifgngths of a note of the frame and strengths of
sub- harnoni cs and harnonics of related notes. 16.
Apparatus for nodelling nusic region content of a

egnment ed nusi c signal, the apparatus, conprising:
18ct a\/‘gppsae%vse“ﬁ?fd?fa%%i%\wﬁe Wg‘ﬂ%&?aé‘ fHlig pseromfigired to capture
streAFBs Of thd fEREARAaE Hedltntics 8 M@Lpahde hoe 3Rk 'sﬁfl?—lhérmon'cs and
frequency response of the segnented nusic signal; and
barmprigs ofggletedi noitesnt  deri vati on nodul e configured to
derive octave cepstral coefficients of the nusic

signal fromthe frequency response of the octave

161 | t exppasuthssofaingt of elatRs 1V® {4 alhefein TRIVEL®R SoksdiBidrSiddule is
octave cepstral coefficients of the nusic signal for

crpldgured ifesive an plemgapar apiteh dess prefilageeter frpmi awunsof stremgths of
S fi C S 1 X{ ur.e

SRR ALY TR s AR UL DT .

coefficient feature vectors. 18. Apparatus according to

laim 16 or cl ai 7, further conprisjng a second
16. Apparatus for mogélfing mus{c region corﬁgnt ofa s%gmented music signal, the

apparatus comprising:

octave scale filter banks configured to receive a frame of a segmented music
signal and to derive a frequency response of the segmented music signal; and

a first coefficient derivation module configured to derive octave cepstral
coefficients of the music signal from the frequency response of the octave filter banks
and to derive feature matrices comprising octave cepstral coefficients of the music

signal for music regions

17. Apparatus according to claim 16, the apparatus comprising first and second
gaussian mixture modules configured to be trained by octave cepstral coefficient feature

vectors.
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coefficient derivation nodule configured to derive nel
frequency cepstral coefficients of the segnented nusic
wae@naba19b 19. Apparatus accordi ng to clai m 18PCT/862008000299

conprising a deconposition nodule configured to

conpare a correlation of octave cepstral coefficients

and the nel frequency cepstrall coefficients. 20.

Apparatus for tokenizing a segnented nusic signal, the
IBpparsppesateoageordingig caith T6odrentaini 1Y furetby cempnisifg gye@ad

to.receive a frane of the se nted nmusic signal and_ .
gL fr vation ﬂtﬂ@?a%nﬁlﬁwﬁﬂﬁ dertYe e TERauReY GRSl costicients
STt o nfefcl SSIRANGSHaM t h a token synbol of a token

library, and to détermine a token for the frame
accordingly. 21. Apparatus according to claim 20,

erel.n. the token s ol ises a.chord 5 event and
e Corbabtf AoaRh B in, S FhteF £y Siae e churiiapion Hiodule
cohfigiisd td &npk 8 Bbit1AGo BXBs B cREpda] E63HiLiBHE AHd R mel
determine a_ probability the frame of the nusic signa
fregpereyseneitl GpetHcanShor d event. 22. Apparat us
according to claim 20, wherein the token synbol
conpri ses an 0 acoustic event and the token library
200nprAppesatas flor vkaniyimgfa segmesicd enisiesidgril, thé@pparatus comprising a
t.okeni zi ng nodul. e bei ng configured to determne a.
IS Iofyle capt %ﬁe@ 1gfetvsa fiameiof the; sggmentied musis dgnsd and to
o R0 oL P LRl 1SRRI M g e symbol
of e eltenTiboarg, afd ta desiomeavekdn for therfranms saconbmglgl event .
24. Apparatus for constructing a vector for a frane of
a tokeni zed nusic signal, the apparatus conprising a

20 ect AppaARitdcesidingto ¥REl 20, GABiDNE Bskeh QyRBBREIMtise@a chord
vector having a vector elenent defining a token synbol

e¥ersapd theytokepelifrpypempisehe libakee| medelpdicheids, the tpkehizing
r,di_ng. l.aim.2 erejn the. .
i L O REG WPl Rob & chQinler sy AEISE B B vignat
cogedpondewithrarhodsvantbi nary score of whether the frane
corresponds with a token synbol. 26. Apparatus
according to claim 24, wherein the vector construction

200dul g phSius according to claim 20, wherein the token symbol comprises an

el

acoustic event and the token library comprises a library of acoustic events, the
tokenizing module being configured to determine a probability the frame of the music

signal corresponds with an acoustic event.

23.  Apparatus according to claim 22, wherein the acoustic event comprises at least

one of a voice event or an instrumental event.

24, Apparatus for constructing a vector for a frame of a tokenized music signal, the
apparatus comprising a vector construction module configured to construct a vector

having a vector element defining a token symbol score for the frame of the tokenized

music signal.

25.  Apparatus according to claim 24, wherein the vector construction module is
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configured to define the vector elenent as a
probability score of whether the frame corresponds

wowdaok/oz1boken synbol . 27. Apparatus accordi ng POT/BGZI0NN00299

26, wherein the vector construction nodule is
configured to define the vector element as a score
bet ween zero and unity 28. Apﬁ%ratus according to
claim 26 or claim27, wherein the vector construction
reRdiguEed te define thguieeior elomgat dsrrcbindry sveretofwhethen thet feanso

unifg@ugéghgpggggéﬁggéor el ements within the vector is

atcording to any of claims 24 to
28, wherein the token synmbol conprises a chord event

2€d t he vector C%Pstructlon modul e is configured to
nst PEBIAWS ApeOreing i glatmdcxhaspintey vacker consmstion mddle is

t ar 1
LHRALN AR, oS5O0 ot os MRSLAUASS LG5I Vol Pt
qﬂﬁﬁpmubavﬁnaK&nmswhmﬂvector construction nodule is
configured to construct a chord bigramvector for
consecutive frames of the tokenized nusic signal.

xn par Abpiiafds 68 ﬁ&fo%ﬁg td Qa6 GfherdiA 'tﬁeive%f‘ortcfzn%iﬂmugﬁ ﬁg%hfé is
t he token s conprises an acoustic even

¢radigareddo ds IFQJ@P iveetondembs ds 9 scame fhiegueacietaarciomstyr uct

an acoustic unigramvector for a frame of the

t okeni zed nmusic signal. 32. Apparatus according to any

Zﬁ‘ cl Appsatiddadcordiflg to1@E2 ot d18int DK Srhed AR v Bhﬁﬁﬁtlon
lgcoustlc event and the vector construction nodul e

BT Gogfigwied i deliedhe yeqtorpleraenss se thet bgnafitheecstor elements
‘{,ﬁﬁmwwgéﬂﬁ rames of the tokenized nusic
signal . 33. Apparatus for determning a simlarity
betmeen a query nusic segment and a stored nusic

t he apparatus c r|S|n a vectaor conparison
%f?oduﬂgpp%arﬁ‘% %‘i&B ng 9 a@é(tognﬁiﬂﬁ%% 2%iWhergin phedekpresymbol
JoRIPRELN I aelﬁ'aﬂa{@w Edér B
agg%0|ated mfth th qugryrHﬁ%ﬁ@ﬁgggﬁgﬁQEYSgﬁﬁ@8¥%§858nmnmta
choest unigrapy ‘(ﬂct(asfmbc fiamg ofithetokérdzestt mnsid signsli ¢ segnent .

34. Apparatus according to claim 33, wherein the
vector conparison nodule is configured to deternine a

3@1 M | Appatatud@icoRe) 1@ aayor KlafHS 4 1o/ Wierds BRADEEG mbol

th the
compnses a chord event and the vector construction module is configured to construct a

chord bigram vector for consecutive frames of the tokenized music signal.

31.  Apparatus according to any of claims 24 to 30, wherein the token symbol
comprises an acoustic event and the vector construction module is configured to

construct an acoustic unigram vector for a frame of the tokenized music signal.

32.  Apparatus according to any of claims 24 to 30, wherein the token symbol
comprises an acoustic event and the vector construction module is configured to
construct an acoustic bigram vector for consecutive frames of the tokenized music

signal.
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query nusi c segnment and plural stored nusic vectors
associated with the stored nusic segnent. 35.

wo\ppanaiies for determining a simlarity bet weePCHSGRO700299

nmusi ¢ segnent and j stored nusic segnents, the

apparatus conprising a vector conparison nodul e
configured to determine a sidflarity between a query

nmusi ¢ vector associated with the query nusic segnent
38nd rAgyppetus foe detemnisthgrassindanitg between aspiery musid segrhdnt and a

he, st ar ed nu§g§ se nts. 36. A$ﬁaratus accorquﬁ tof.
SEORSF RSTE Pegigt e US GHRAEINg 4 Kt SOMpRTEgh Ry sanfigured
t6BetinEink & sERAIMrtY SERE rdpPesBRiRY I9iRflafty HIERN §lely hikictvkctor
score representing a simlarity between respective
aggecigtoanvifle thesjusryanssie begmeat ot hstored miusee yeotersissociated with the

. e stored nusic segnent. 37. Apparatus

Sg)g%g@ %lﬁg%é@'ny of clains 33 to 36, wherein the

vector conparison nodule is configured to determ ne a

gi gramsimlarity score representing a simlarity - )
et werPArAEsASERing 18ickim Pov whersinsthe ¥ecies eomparigpn modple is

i . to i . .

e TN AP BAA flech 0 R0 TS o000 ARBLmet it the
queyimmusdGsegnieat aidpltutab stordtnusiccvarpas asociated dvittethi Stored music
configured to fuse the unigramsimlarity score and
SeqCYi gram similarity score to provide a conposite
simlarity score.39. Apparatus according to any of

clainms 33 to 38, wherein the apparatus further
38onpAippesatus fpaditenmynimg dsinilaty betjeerd quoryrmnkic segment and

i 15 ARy f .the guery nusi.c sanple with.store
st B Mo, e oMY AOR® el S e
copfeduyedesdeteri@id DSimitatity Hekwideala Gilcdy BflsiEWSLGr BREFBRE Svith the
40. A nethod of nodelling layers in a nmusic signal,
JPHY PRI NSEMEBHN; resnegtvaniiered Musl Yesiprhanseeiated wath the stored
e AYSEGsSi gnal ; nodel | ing harnony features of the

musi c- st gnal; and nodelling nmusic region features from
the nusic signal.

36.  Apparatus according to any of claims 33 to 35, wherein the vector comparison
module is configured to determine a unigram similarity score representing a similarity
between respective unigram vectors associated with the query music segment and the

stored music segment.

37.  Apparatus according to any of claims 33 to 36, wherein the vector comparison
module is configured to determine a bigram similarity score representing a similarity
between respective bigram vectors associated with the query music segment and the

stored music segment.

38.  Apparatus according to claim 37 when dependent upon claim 36, wherein the
vector comparison module is configured to fuse the unigram similarity score and the

bigram similarity score to provide a composite similarity score.
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4 1. The nmethod of claim40, wherein the nodelling of
rhyt hm features of the nusic signal conprises
waleds/osilni ng a smal |l est note | ength of a nusi cPET/g§GAI07/000299
the nethod further conprising: deriving a conposite
onset of the nusic signal froma weighted sunmati on of
oct ave sub-band onsets of thdOnusic si gnhal ; perform ng
an autocorrel ation of the conposite onset of the nusic
39 gnahpparapetscordingleranyef ghrims 83 bad% dvhientie thebappbratus further

' n | engt h: determ.ning.a repeatin .
BREERE S FiRlnstibBs SRt sk i AR Siape Hhusic sampte
weist storidatusidéa@iipleatordinpersihidial seéLot 88 ghdtyindusic vector with
varied; and determining a smallest note length from

Rlwal stereddpysinsagmenisval | ength. 42. The method of claim
40, wherein the nodelling of rhythmfeatures of the
musi ¢ signal conprises determning a smallest note

40engtA nethal afusodellfigdapdrs it dmusie tsipad, fhe thé@odd comprising:
t ave sub-band onsets of the

conprising: determning O
rrug.ipén%‘#eglg‘ﬁirﬂﬂl e&t“fr‘?gﬁl}g‘ﬁws?rs%@nt anal ysi s and
an qu&&yﬁﬂgr%bgﬁqa &l ¥5he nRbicaifarsapposed version

of the nusic signal; deriving a c osite onset of the
musi anedediirg masio mgionferiyindseftbns thenmtsiosigondl. oct ave
sub- band onsets of the nusic signal; performng a
circular autocorrelation of the conposite onset of the

41Usi CTHei BB HH@RIBPA0, vheB@h kNeanmAdeIBsd bRy Bh FahREs BHRRE music
pr ogort i onal note |ength;determning patferns of
s FAPrés s detarminingraapallepiatoielengotiamavric sigaadi the wnshod

fﬁﬂ?ﬁer%gl.[{p;ﬁg%gd i nter-beat proportional note length is

vari e determining a small est note length from
t he miesving@eMposiabisesss thahrkicalignal frofien Weighledsummation of

spaced |[ntervals ich.is also an integer fraction of
OF%H@é‘ﬂ)'IP?‘Rde(W%ﬂsg%u%@gﬁ%t hod of any of clainms 40
10 4A%erfWhfng bl ahfdBofRdE b i ) i
the fusic sggnael1 c%n‘pr?sesmn%gérppﬁg%@%%troggﬁe%ﬁéc E%g?lcthereby
& depinel an astimatedtihted béat prépertianahpete dengdi;
determining a repeating interval length between dominant onsets when the
estimated inter-beat proportional note length is varied; and

determining a smallest note length from the repeating interval length.

42.  The method of claim 40, wherein the modelling of rhythm features of the music
signal comprises determining a smallest note length of a music signal, the method
further comprising:

determining octave sub-band onsets of the music signal from a frequency
transient analysis and an energy transient analysis of a decomposed version of the music
signal;

deriving a composite onset of the music signal from a weighted summation of
octave sub-band onsets of the music signal;

performing a circular autocorrelation of the composite onset of the music signal

thereby to derive an estimated inter-beat proportional note length;
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receiving at octave filter banks a nusic signal
segnented into franmes and extracting tonal

w@eb@sastieri stics of nusical notes in franes; PCT/SG2007/000299

constructing pitch class profile vectors fromthe

tonal characteristics; training a first |ayer nodel by

the pitch class profile vecttts and outputting
probabilistic vectors; and training a second |ayer
nmodeldeteymirtieg patiebmtifleqsdllycspeesitiotesval hisstebsn danimaaiainsets when

hords of. th sic signal,.  44. The .methqd of any of
t ?%ﬁtlﬁ?sate%dn{eﬁ'%ﬁ%r éﬁ‘%}%ﬁn?‘ﬁé"%’éﬂﬁrﬁgﬁaﬁ nusi ¢ region
depbfiig £ HMIdsSRste IBAGRI frdh Ihd MdstECohBRbPInAREE B RvAlof the
segment ed nusic signal, the method further conprising:
eﬂé@%bi spperyl iaterds whish dvalsear infager fraetitiasofdonges intenyhls
segnmented nusi c signal and deriving a frequency
response of the segnmented nusic signal; and deriving
48¢ct avithe eribdd ¢flan§ @€ Clairas 40ios4R) fwHeldn tesheddiged hakme
the frequency response of the octave filter banks an
feptprey phihe maisic pignahgenprisss madalling chaigls o6 o ausicugralythe method
@5 b Al . of the nusic signal for mnusic regions.

45, r'lc'glglbﬁg%%od of any of clainms 40 to 42, the nethod
f ur t heoeivingratractiva dilteokanks ainnggiasiged segrhadedringd frames and
signal , the nethod copprising receiving a frame of a
e§£§§1r‘lr’é‘ﬁtt%w?ﬁ]ﬂra§?céeréﬁnﬁﬁ8 ﬂaald’g’feérl 1415 a probability a
f r amgofdtruchifs P dast ipBstak vEQSH TR BkSoidl cRaRcleAKER;
synbol of a token library, and determ ning a token for
t he fiagmeg aicdlayenglogeldy. therpiscchdadsquoldle vettatsrandSutputting

. .conprising constructing a vector of a

pE% a{é)ﬂll%{zl%ge%%’ia@dsi gnal by constructing a vector having
a vetiaiingh sivond ladef inBielHyahd plobabiEMIRICtcHS tHefebly@b niddel
frame of the tokenized nusic signal. 47. The nethod of
chorgds pf the musig $igRAl conprising deternining a simlarity
bet ween a query nusic segnent and a stored nusic
segnent, the nethod conprising determning a
44 m [The nigghlodraay oé plaase4d o, avhetein thermddellesf ofarmsi@region

uery musjc ve(iﬁhor associated with the query mnusic

q
CLUGHETIPAIES BOLR BReBUNG S7OR et chaseepentedmpsicrsignalk the
ni Yt R SlofpB et

receiving at octave scale filter banks a frame of a segmented music signal and

deriving a frequency response of the segmented music signal; and
deriving octave cepstral coefficients of the music signal from the frequency
response of the octave filter banks and deriving feature matrices comprising octave

cepstral coefficients of the music signal for music regions.

45. The method of any of claims 40 to 42, the method further comprising tokenizing
a segmented music signal, the method comprising receiving a frame of a segmented
music signal and determining a probability a frame of the music signal corresponds with

a token symbol of a token library, and determining a token for the frame accordingly.



48. A nethod of nodelling chords of a nusic signal,

the nmethod conprising: receiving at octave filter
whak®3|9ITusi ¢ signal segnented into franes anBCT/SG2007/000299

extracting tonal characteristics of nusical notes in

frames; constructing pitch class profile vectors from

the tonal characteristics; tAdining a first |ayer

nodel by the pitch class profile vectors and

46ut pUiiheimethert ofbddiin 4% farthev ectprising aouktiuctnga meptar of a tokenized

second layer del by th r obabi listic ctars

T By BY Shpter o  GROReh ML g G 58 a toen symbol

soBe FOthe FraffRd lthd tBReE Budi€dkRal. content of a

segnented nusic signal, the nmethod conpri sing:

receiving at octave scale filter banks a frane of a

eg ' ] I A a frequency, .
4529 G 807 B R e s
qoetyaugsic sqppiehahndcOSbidd ey seghient, fiige Mbhoe c@ﬂngﬂs’;ihg fi&eihining a
t he frequency response of the octave filter banks and
Sa%ﬁfrrw SEPIE EPIEReRIinER? PIPHIRHLYCRANESST ARPrD Btusice/esiop dspalpted with

o ent . - e ! '
e} iy S a8 R P8R8l MholB S lRG) BB 3
segghénsd conprising receiving a frane of the segnented
musi ¢ signal at a tokenization nodule and determ ni ng
a probability the frame of the nusic signal

4801 I @SRRIHNA ofndAeRink @6 BY FBALsicigrfil tRKRBHOH REbADYsing:
and determ ning a token for the frame accordingly.51.
A netérsiviag atcastaye filiet banks a mwsie signdl segraerftechinto frhmes and

[ si¢c signal, t.h t hod conpri si ng
%@%@{ﬁ;ﬁgﬁ E}é’arg&%r Sé%% P lt Wg%cgldl%ges\}ggﬁa&es’el enent defining
a t okefstaitihObitdCOsR pidhle vB&ois fade tigf tohdl@hhakefibzed
musi ¢ signal.. 52. A nethod of determning a simlarity

bet w&@HIBE fiest {aysBiodeldhwghe pitchyelassprafils veeforn asid @utputting
pﬁﬁgﬂﬁﬁﬁcv&ﬂﬁsﬂﬁthd conprising deternining a
simlarity score representing a sinmlarity between a
quer yrainisg £ sacend iyepmsde ibytthelprubtibilittevegtors yherabgite model
eqmne and.a .stored mnmusic vector associated with the
cé?rg? SEthﬁﬁ%‘?Sﬁcg nt. 53. A conputer readable medium
havi ng conputer code stored thereon for

49. A method of modelling music region content of a segmented music signal, the
method comprising:

receiving at octave scale filter banks a frame of a segmented music signal and
deriving a frequency response of the segmented music signal; and

deriving octave cepstral coefficients of the music signal from the frequency
response of the octave filter banks and deriving feature matrices comprising octave

cepstral coefficients of the music signal for music regions

50. A method of tokenizing a segmented music signal, the method comprising
receiving a frame of the segmented music signal at a tokenization module and
determining a probability the frame of the music signal corresponds with a token

symbol of a token library, and determining a token for the frame accordingly.
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i mpl ementing the nmethod of any of clainms 40 to 52.
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51. A method of constructing a vector for a frame of a tokenized music signal, the
method comprising constructing a vector having a vector element defining a token

symbol score for the frame of the tokenized music signal.

52. A method of determining a similarity between a query music segment and a
stored music segment, the method comprising determining a similarity score
representing a similarity between a query music vector associated with the query music

segment and a stored music vector associated with the stored music segment.

53. A computer readable medium having computer code stored thereon for

implementing the method of any of claims 40 to 52.



