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A brief review of basic probability

Uncorrelated:  TworandomvariablesXandYare
uncorrelatediff: uncorrelatediff:

Theaveragevalueoftheproductofthevariablesequalsthe
productoftheirindividualaverages

Setup:  EachdrawproducesoneinstanceofXandone
instanceofY instanceofY

I.eoneinstanceof(X,Y)

E[XY]=E[X]E[Y] E[XY]  E[X]E[Y]

TheaveragevalueofXisthesameregardlessofthe
valueofY
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Uncorrelatedness

WhichoftheaboverepresentuncorrelatedRVs?
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A brief review of basic probability

Independence:  TworandomvariablesXandYare

independentiff:

Theirjointprobabilityequalstheproductoftheir

individualprobabilities

P(XY)=P(X)P(Y) P(X,Y)  P(X)P(Y)

TheaveragevalueofXisthesameregardless

ofthevalueofY

E[X|Y]=E[X]
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A brief review of basic probability

Independence:  TworandomvariablesXandYare

independentiff:

TheaveragevalueofanyfunctionXisthesame TheaveragevalueofanyfunctionXisthesame

regardlessofthevalueofY

E[f(X)(Y)]E[f(X)]E[(Y)]fllf()() E[f(X)g(Y)]  =  E[f(X)]E[g(Y)]  forallf(),g()
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Independence

WhichoftheaboverepresentindependentRVs?

WhihtltdRV? WhichrepresentuncorrelatedRVs?
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A brief review of basic probability

()

f(x)

p(x)

TheexpectedvalueofanoddfunctionofanRVis

0if

TheRVis0mean TheRVis0mean

ThePDFisoftheRVissymmetricaround0

E[f(X)]0iff(X)iddti E[f(X)]  =  0iff(X)isoddsymmetric
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A brief review of basic info. theory

T(all),  M(ed), S(hort)…

Entropy:Theminimumaveragenumberofbitsto

 
X

X P X P X H)] ( log )[ ( ) (

Entropy:  Theminimumaveragenumberofbitsto

transmittoconveyasymbol

X
T,  M, S…

M F  FM..

X

Y

Jointentropy:  Theminimumaveragenumberofbits

 
Y X

Y X P Y X P Y X H
,

)] , ( log )[ , ( ) , ( Y

toconveysets(pairshere)ofsymbols
8 Nov 201211755/187978

A brief review of basic info. theory

X
T,  M, S…

M F  FM..

X

YY

    
Y X YX

Y X P Y X P Y X P Y X P Y P Y X H
,

)] | ( log )[ , ( )] | ( log )[ | ( ) ( ) | (

ConditionalEntropy:  Theminimumaverage

numberofbitstotransmittoconveyasymbolX, yy,

aftersymbolYhasalreadybeenconveyed

AveragedoverallvaluesofXandY AveragedoverallvaluesofXandY
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A brief review of basic info. theory

) ( )] ( log )[ ( ) ( )] | ( log )[ | ( ) ( ) | (X H X P X P Y P Y X P Y X P Y P Y X H     

ConditionalentropyofX=H(X)ifXis

YX YX 

ConditionalentropyofX=H(X)ifXis

independentofY

 )] ( ) ( l )[ ( )] ( l )[ ( ) (    
Y X Y X

Y P X P Y X P Y X P Y X P Y X H
, ,

)] ( ) ( log )[ , ( )] , ( log )[ , ( ) , (

) ( ) ( ) ( log ) , ( ) ( log ) , (
,,

Y H X H Y P Y X P X P Y X P
Y XY X

    

JointentropyofXandYisthesumofthe

entropiesofXandYiftheyareindependent pyp
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Onward..
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Projection: multiple notes j

M = 

W =

P=W(WTW)‐1WT

11755/18797

()

ProjectedSpectrogram=P*M
8 Nov 201212



We�re actually computing a score

M = 

H = ? 

W =

M ~  WH

11755/18797

H = pinv(W)M
8 Nov 201213

How about the other way?

M = 

H = 

W=? ?
U= W=? ?
U=

11755/18797

M ~ WH              W = Mpinv(V)       U = WH

8 Nov 201214

So what are we doing here?
H = ? 

W =??

M ~ WH isanapproximation

GivenW,estimateHtominimizeerror

    
ij

ij ij F

2 2
) ( min arg || || min argH W M H W M HH H

Mustideallyfindtranscriptionofgivennotes
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Going the other way..
H

W =???

M ~ WH isanapproximation

GivenH,estimateWtominimizeerror

dllfdhdh

    
ij

ij ij F

2 2
) ( min arg || || min argH W M H W M WH W

Mustideallyfindthenotescorrespondingtothe
transcription 8 Nov 201216 11755/18797

When both parameters are unknown
H = ? 

W =?approx(M)=? approx(M)  ?

MustestimatebothHandWtobest
approximateM

Ideally,mustlearnboththenotesandtheir
transcription!
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A least squares solution
2

,|| || min arg ,F H W M H WH W 

Unconstrained
ForanyW,Hthatminimizestheerror,  W’=WA,  H’=A-1H

alsominimizestheerrorforanyinvertibleA alsominimizestheerrorforanyinvertibleA

H

Forourproblem,letsconsiderthe�truth�..

H

Forourproblem,letsconsiderthetruth..

Whenonenoteoccurs,theotherdoesnot
hi

Thj= 0  for all i!= j ij

TherowsofHareuncorrelated
8 Nov 201218 11755/18797



A least squares solution
H

Assume:HHT= I
NormalizingallrowsofHtolength1 gg

pinv(H) =  HT

ProjectingMontoH ProjectingMontoH
W = M pinv(H) =  MHT

WH=MHTH WH  MHH
2

,|| || min arg ,F H W M H WH W 

2
|| || min argF

T
H H M M HH Constraint: Rank(H) = 4

8 Nov 201219 11755/18797

Finding the notes
2

|| || min argF
T
H H M M HH 

NoteHTH != I
OnlyHHT= I

Couldalsoberewrittenas


T T

traceM H H I M HH) ( min arg  H

) ( min argH H I M M HH
T T

trace 

) )( ( min argH H I M HH
T T

n Correlatio trace 


T T
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 H H M HH
T T

n Correlatio trace) ( max arg 

Finding the notes
Constraint:  everyrowofHhaslength1

  H H H H M HH
T T T

trace n Correlatio trace  ) ( max arg

Differentiatingandequatingto0

 H H M) (
T

n Correlatio

SimplyrequiringtherowsofHtobeorthonormal

H H M) ( n Correlatio

pyqg
givesusthatHisthesetofEigenvectorsofthe
datainMT
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Equivalences

 H H H H M HH
T T T

trace n Correlatio trace  ) ( max arg

isidenticalto

j
T
i

j i
ij

i
i i Fh h h H W M H WH W 

    
2 2

,|| || || || min arg ,

Minimizeleastsquareserrorwiththeconstraint
thattherowsofHarelength1andorthogonalto
oneanother

8 Nov 201222 11755/18797

So how does that work?

Thereare12notesinthesegment,hencewetry
toestimate12notes toestimate12notes..
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So how does that work?

Thefirstthree�notes�andtheircontributions
Thespectrogramsofthenotesarestatisticallyuncorrelated Thespectrogramsofthenotesarestatisticallyuncorrelated

8 Nov 201211755/1879724



Finding the notes
CanfindWinsteadofH

2
|| || i

T
MW W M W

Solvingtheabovewiththeconstraintsthatthe

2
|| || min argF

T
MW W M WW 

Solvingtheabove,withtheconstraintsthatthe
columnsofWareorthonormalgivesyouthe
eigenvectorsofthedatainM eigenvectorsofthedatainM

 W W M W W WW
T T

trace n Correlatio trace  ) ( max arg

W W M ) ( n Correlatio
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So how does that work?

Thereare12notesinthesegment,hencewetry
toestimate12notes..
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Our notes are not orthogonal

Olifi Overlappingfrequencies

Noteoccurconcurrently

Harmonicacontinuestoresonatetopreviousnote

Moregenerally,simpleorthogonalitywillnotgive
usthedesiredsolution
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What else can we look for?

Assume:The�transcription�ofonenotedoesnot p
dependonwhatelseisplaying

Or,inamulti‐instrumentpiece,instrumentsare
playingindependentlyofoneanother

Notstrictlytrue,butstill..

8 Nov 201211755/1879729

Formulating it with Independence

) . . . . ( || || min arg ,
2

,t independen are H of rows F  H W M H WH W

Imposestatisticalindependenceconstraintson Imposestatisticalindependenceconstraintson
decomposition
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Changing problems for a bit

) ( ) ( ) (2 12 1 11 1t h w t h w t m  ) (1t h

) ( ) ( ) (t h t h t) ( ) ( ) (2 22 1 21 2t h w t h w t m 
) (2t h

Twopeoplespeaksimultaneously
Recordedbytwomicrophones

Ehddiliitfbthil Eachrecordedsignalisamixtureofbothsignals
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Imposing Statistical Constraints

=
MH W

w11w12

=w21w22

Signal from speaker 1
M=WH

M=�mixed�signal

W=�notes�

Signal at mic1

Signal at mic2

Signal from speaker 2

H=�transcription�

GivenonlyMestimateH

Signal at mic2

GivenonlyMestimateH

EnsurethatthecomponentsofthevectorsintheestimatedH
arestatisticallyindependent

Multipleapproaches..
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Imposing Statistical Constraints

=
MH W

w11w12

=w21w22

M=WH

GivenonlyM estimateH

H=W-1M=   AM

EstimateAsuchthatthecomponentsofAMare
statisticallyindependent

Aistheunmixingmatrix

Multipleapproaches..
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Statistical Independence

M = WH      H = AM

Emulatingindependence

CtW(A)dHhthtHhttitil ComputeW(orA)andHsuchthatHhasstatistical
characteristicsthatareobservedinstatistically
independentvariables p

Enforcingindependence

ComputeWandHsuchthatthecomponentsofM
areindependent

8 Nov 201211755/1879734

Emulating Independence
H

TherowsofHareuncorrelated TherowsofHareuncorrelated
E[hihj] = E[hi]E[hj]
hiandhjaretheithandjthcomponentsofanyvectorinH j

Thefourthordermomentsareindependent
E[hhhh]=E[h]E[h]E[h]E[h] E[hihjhkhl]=E[hi]E[hj]E[hk]E[hl]
E[hi

2hjhk] = E[hi
2]E[hj]E[hk]

E[hi
2hj

2] = E[hi
2]E[hj

2] jj

Etc.
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Zero Mean
Usualtoassumezeromeanprocesses

Otherwise,someofthemathdoesn�tworkwell

M = WH      H = AM

Ifmean(M)=0  =>  mean(H)=0
E[H] = AE[M] = A0 = 0 [][]
FirststepofICA:  Set  themeanofMto0

 i
l

m
M

m
) (

1
i

i
colsM

m
) (



i i i         m m m
miarethecolumnsofM
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Emulating Independence..
H

H’=

Diagonal

+ rank1
matrix

H=AM

A=BC

IndependenceUncorrelatedness

Hmatrix

H=BCM

ABC

IndependenceUncorrelatedness

EstimateaCsuchthatCMisuncorrelated

XCM X=CM
E[xixj] = E[xi]E[xj]  =  ij[since M is now “centered”]

T XXT= I
Inreality,weonlywantthistobeadiagonalmatrix,butwe�ll

makeitidentityy

8 Nov 201211755/1879737



Decorrelating
H

H’=

Diagonal

+ rank1
matrix

H=AM

A=BC

X=CM

Hmatrix

H=BCM

ABC

X=CM

XXT= I

EigendecompositionMMT= USUT

LetCS-1/2UT LetC= S-1/2UT

WMMTWT= S-1/2UT USUTUS-1/2= I
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Decorrelating
H

H’=

Diagonal

+ rank1
matrix

H=AM

A=BC

X=CM

Hmatrix

H=BCM

ABC

XCM

XXT= I

EigendecompositionMMT=ESET EigendecompositionMMESE

LetC= S-1/2ET

WMMTWT= S-1/2ET ESETES-1/2= I

X iscalledthewhitenedversionofM
TheprocessofdecorrelatingMiscalledwhitening

Cithhititi Cisthewhiteningmatrix

8 Nov 201211755/1879739

Uncorrelated != Independent

Whiteningmerelyensuresthattheresultingshatsignals
areuncorrelatedie areuncorrelated,i.e.

E[xixj] = 0 if i!= j j

Thisdoesnotensurehigherordermomentsarealso
decoupledegitdoesnotensurethat decoupled,e.g.itdoesnotensurethat

E[xi
2xj

2] = E[xi
2]E [xj

2] jj

ThisisoneofthesignaturesofindependentRVs

Ltliitldlthfthd

40

Letsexplicitlydecouplethefourthordermoments
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Decorrelating
H

H’=

Diagonal

+ rank1
matrix

H=AM

A=BC

X=CM

Hmatrix

H=BX

ABC

XCM

XXT= I

illliliXbBlh? WillmultiplyingXbyBre‐correlatethecomponents?

NotifBisunitary

BBT=BTB=I BBBBI

Sowewanttofindaunitarymatrix

SincetherowsofHareuncorrelated

Bhidd Becausetheyareindependent
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ICA: Freeing Fourth Moments
WehaveE[xixj] = 0 ifi!=j

Alreadybeendecorrelated

A=BC,     H = BCM,    X = CM,    H = BX

ThefourthmomentsofHhavetheform:
E[hihjhkhl] 

IftherowsofHwereindependent
E[hihjhkhl] = E[hi] E[hj] E[hk] E[hl]

Solution:  ComputeBsuchthatthefourthmomentsofH = BX 
aredecoupled

42

WhileensuringthatBisUnitary
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ICA: Freeing Fourth Moments
Createamatrixoffourthmomenttermsthatwouldbe

diagonalweretherowsofHindependentanddiagonalizeit

Agoodcandidate Agoodcandidate

GoodbecauseitincorporatestheenergyinallrowsofH 














..

..

23 22 21

13 12 11

d d d
d d d

D

Where
dij= E[khk

2hihj]





.. .. .. ..

ij[kkij]

i.e.
D= E[hThhhT]
harethecolumnsofH

43

Assuminghisreal,  elsereplacetranspositionwithHermition
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ICA: The D matrix









..
..

23 22 21

13 12 11

d d d
d d d

D
dij= E[ khk

2hihj] = mj mi
mk

mkh h h
cols

2

) (

1

H




.. .. .. ..

jthcomponent

jthcomponent
Sum of squares
of all components

hk
2

hihj

hk
2hihj

AverageabovetermacrossallcolumnsofH
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ICA: The D matrix









..
..

23 22 21

13 12 11

d d d
d d d

D
dij= E[ khk

2hihj] = mj mi
mk

mkh h h
cols

2

) (

1

H

Ifthehitermswereindependent





.. .. .. ..

Fori!=j

   

  








j k i k
j i k i j j i

k
j i kE E E E E E E E

,

2 3 3 2
h h h h h h h h h h

Centered:  E[hj] = 0   E[ khk
2hihj]=0 fori!= j

Fori=j


 

Thus,ifthehitermswereindependent,dij=0  ifi!=j

0
2 2 4 2
  








 i k

k i i
k

j i kE E E Eh h h h h h

45

j

i.e.,ifhiwereindependent,Dwouldbeadiagonalmatrix
LetusdiagonalizeD
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DiagonalizingD

ComposeafourthordermatrixfromX  
Recall:  X = CM,   H = BX = BCM 

B is what we’re trying to learn to make Hindependent

Compose  D�=E[xTxxxT] 

DiagonalizeD�  viaEigendecmpositin

D�UUT D�  =UUT

B = UT

That�sit!!!!
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B frees the fourth moment
D�  =UUT;   B = UT

Uisaunitarymatrix,i.e.UTU= UUT= I(identity)

H=BX=UTX

h = UTx

ThefourthmomentmatrixofHis
E[hTh hhT] =  E[xTUUTxUTx xTU]

= E[xTxUTx xTU]
=UTE[xTxxxT]U UE[xxxx]U
= UTD’U
= UTUU TU= 

47

ThefourthmomentmatrixofH=UTXisDiagonal!!

8 Nov 201211755/18797

Overall Solution
H=AM=BCM  = BX

A =  BC = UTC CUC

48 8 Nov 201211755/18797

Independent Component Analysis
Goal:toderiveamatrixAsuchthattherowsofAMare

independent

Procedre Procedure:

1.�Center�M

2.ComputetheautocorrelationmatrixRMMofM

3.ComputewhiteningmatrixCviaEigendecomposition
RXX= ESET,    C= S-1/2ET

4.ComputeX= CM p

5.ComputethefourthmomentmatrixD’= E[xTxxxT] 

6.DiagonalizeD�viaEigendecomposition

7D�=UUT 7.D=UUT

8.ComputeA=UTC

ThefourthmomentmatrixofH=AMisdiagonal

49

NotethattheautocorrelationmatrixofHwillalsobediagonal

8 Nov 201211755/18797



ICA by diagonalizing moment 
i matrices

Theprocedurejustoutlined,whilefullyfunctional,has
shortcomings
Onlyasubsetoffourthordermomentsareconsidered

Therearemanyotherwaysofconstructingfourth‐ordermoment eeaeayoteaysocostuctgoutodeoet
matricesthatwouldideallybediagonal

Diagonalizingtheparticularfourth‐ordermomentmatrixwehavechosenis
notguaranteedtodiagonalizeeveryotherfourth‐ordermomentmatrix

JADE:(JointApproximateDiagonalizationofEigenmatrices),
J.F.Cardoso
Jointlydiagonalizesseveralfourth‐ordermomentmatrices

Moreeffectivethantheprocedureshown,butmorecomputationally
expensive

50

expensive

8 Nov 201211755/18797

Enforcing Independence

SpecificallyensurethatthecomponentsofHare
independent independent

H = AM

Contrastfunction:Anon‐linearfunctionthathasa
minimumvaluewhentheoutputcomponentsare
independent

Dfidiiifi Defineandminimizeacontrastfunction

F(AM)

Cttftiftlitit Contrastfunctionsareoftenonlyapproximationstoo..
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A note on pre-whitening
Themixedsignalisusually�prewhitened�

Normalizevariancealongalldirections g
Eliminatesecond‐orderdependence

X =  CM
E[xixj] = E[xi]E[xj] = ijforcenteredsignals

EigendecompositionMMT= ESET gp
C= S-1/2ET

CanusefirstKcolumnsofEonlyifonlyKindependent CanusefirstKcolumnsofEonlyifonlyKindependent
sourcesareexpected
Inmicrophonearraysetup�onlyK<Msources
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The contrast function

Contrastfunction:Anon‐linearfunctionthathas
iilhthttt aminimumvaluewhentheoutputcomponents

areindependent

Anexplicitcontrastfunction

) ( ) ( ) (H h HH H I) ( ) ( ) (H h HH H I
i

i  

Withconstraint:  H = BX
Xis�whitened�M
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Linear Functions

h = Bx
IndividualcolumnsoftheHandXmatrices

xismixedsignal,Bistheunmixingmatrix

1
| | ) ( ) (
 

B h B h
1

x hP P

 x x x xd P P H) ( log ) ( ) (

| | log ) ( ) (B x h H H
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The contrast function

) ( ) ( ) (H h HH H Ii  
i 

| | log ) ( ) ( ) (B x h H  H H Ii

IgnoringH(x)(Const)

i

gg()()

| | log ) ( ) (W h H 
i

i H J

Minimize  theabovetoobtainB

i
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An alternate approach

RecallPCA

M = WH,  thecolumnsofWmustbestatistically
independent

Leadsto:  minW||M�WTWM||2

ErrorminimizationframeworktoestimateW

Canwearriveatanerrorminimization
frameworkforICA

Definean�Error�objectivethatrepresents
independence
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An alternate approach

DefinitionofIndependence�ifxandyare
iddt independent:  

E[f(x)g(y)] = E[f(x)]E[g(y)] 

Mthldff()d()!! Mustholdforeveryf()andg()!!
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An alternate approach

Defineg(H) = g(BX)  (component‐wisefunction)

g(h11)

g(h12)
.

g(h21)

g(h22)
.

. . .

Definef(H) = f(BX)

.

.
.
.

()()

. . . f(h11)

f(h12)

f(h21)

f(h22)
.
.
.

.

.

.
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An alternate approach

P = g(H)f(H)T= g(BX)f(BX)T

P11

P12
.

P21

P22
.

. . .


k

jk ik ijh f h g P) ( ) (
P =

This is a square matrix
Mustideallybe

.

.
.
.

y
. . . Q11

Q12

Q21

Q22
Q=

j i h f h g Q
kl

jl ik ij      ) ( ) (

E||PQ||2

.

.

.

.

.

.

Qkl


k

il ik iih f h g Q) ( ) (

Error = ||P-Q||F2
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k

An alternate approach

IdealvalueforQ

 . . . Q11

Q12
.

Q21

Q22
. Q =

j i h f h g Q
kl

jl ik ij     ) ( ) (


.
.
.

.

.

.

Q

k

il ik iih f h g Q) ( ) (

Ifg()andh()areoddsymmetricfunctions
jg(hij)=0foralli jg(hij)  0foralli

Since=jhij= 0   (Hiscentered)

QisaDiagonalMatrix!!! Qg
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An alternate approach

MinimizeError
T

Diagonal  Q

T
g(BX)f(BX) P

Diagonal Q

2
|| ||F errorQ P 

LeadstotrivialWidrowHopftypeiterativerule:

|| ||F Q

T
g(BX)f(BX) E Diag

T
EB B B

8 Nov 201211755/1879761

EB B B 



Update Rules

Multiplesolutionsunderdifferentassumptions
f()df() forg()andf()

H = BX

B= B+ B

JuttenHerraut:Onlineupdate

Bij= f(hi)g(hj);  ‐‐actuallyassumedarecursive
neuralnetwork

BellSejnowski

B = ([BT]-1–g(H)XT)
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Update Rules

Multiplesolutionsunderdifferentassumptions
f()df() forg()andf()

H = BX

B= B+ B

ldf()df Naturalgradient  ‐‐f()=identityfunction

B = (I –g(H)HT)W

Cichoki‐Unbehaeven

B = (I –g(H)f(H)T)W
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What are G() and H()

Mustbeoddsymmetricfunctions

Multiplefunctionsproposed

Gi i ) h(





 Gaussian  sub is    x ) tanh(

Gaussian super is  x ) tanh(
) (

x x
x x

x g

Audiosignalsingeneral

B=(I–HHT-Ktanh(H)HT)W B  (IHHKtanh(H)H)W

Orsimply

B=(I–Ktanh(H)HT)W B=(I–Ktanh(H)H)W
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So how does it work?

Examplewithinstantaneousmixtureoftwo
speakers

Naturalgradientupdate

Worksverywell!

65

Worksverywell!
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Another example!
InputMixOutput
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Another Example

Thitt Threeinstruments..

8 Nov 201211755/1879767



The Notes

Threeinstruments..
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ICA for data exploration

The�bases�inPCA
representthe�building
blocks�

Ideallynotes

Verysuccessfullyused yy

SocanICAbeusedtodo
thesame?
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ICA vsPCA bases
Non-Gaussian data

PCA

Motivation for using ICA vsPCA

PCAwillindicateorthogonaldirections
ICA
PCA PCAwillindicateorthogonaldirections

of maximal variance

May not align with the data!

ICA finds directions that are 
independent

Morelikelyto“align”withthedata Morelikelytoalignwiththedata
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Finding useful transforms with ICA
Audiopreprocessingexample

Takealotofaudiosnippets
dttthibi andconcatenatetheminabig

matrix,docomponent
analysis

lihb PCAresultsintheDCTbases

ICAreturnstime/freq
localizedsinusoidswhichisa
betterwaytoanalyzesounds

Dittoforimages

ICAreturnslocalizesedgefilters g
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Example case: ICA-faces vs. Eigenfaces

ICA-facesEigenfaces
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ICA for Signal Enhncement

VerycommonlyusedtoenhanceEEGsignals

EEGsignalsarefrequentlycorruptedby gqypy
heartbeatsandbiorhythmsignals

ICAcanbeusedtoseparatethemout ICAcanbeusedtoseparatethemout
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So how does that work?

Thereare12notesinthesegment,hencewetry
toestimate12notes toestimate12notes..
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PCA solution

Thereare12notesinthesegment,hencewetry
toestimate12notes..
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So how does this work: ICA solution

Better..

Butnotmuch Butnotmuch

Buttheissueshere?
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ICA Issues
Nosenseoforder

UnlikePCA UnlikePCA

GetKindependentdirections,butdoesnothaveanotion
ofthe�best�direction

Sothesourcescancomeinanyorder

Permutationinvariance

Dthfli Doesnothavesenseofscaling

Scalingthesignaldoesnotaffectindependence

Outputsarescaledversionsofdesiredsignalsin Outputsarescaledversionsofdesiredsignalsin
permutedorder

Inthebestcase

Inworsecase,outputarenotdesiredsignalsatall..
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What else went wrong?

Assumedistributionofsignalsissymmetric

aroundmean aroundmean

Noteenergyhere

Notsymmetric�negativevaluesneverhappen

Stillthisdidn�taffectthethreeinstrumentscase..

Notesarenotindependent

Onlyonenoteplaysatatime

Ifonenoteplays,othernotesarenotplaying pypyg
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Continue in next class..

NMF

Factoranalysis..
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