Lecture 7: Pitch and Chord (2)
HMM, pitch detection functions
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Chord progressions

A Chord progressions are not arbitrary
U Example 1:-IV-I-V-I (GFGG-C)
U Example 2:-V-VHIFV-I-II-V (GGAMEM~GDmMG)

Stability Departure Tension Stability
Tonic and Subdominant and| Dominant and Tonic and
related chords related chords related chords related chords
I, Him, Vim IV, llm V, Vlle I, llm, Vim

From: M. MuellerFundamentals of Music Processi@fpapter5, Springer2015

Research Center for Information Technology Innovation, Academia Sinica




Markov chains of chord progressions

A Markov states h h
A Markov property:
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HMM model

A Observations
U Chroma features
U Or templatebased result

A Hidden states
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U The answer we want
A Transition probability
U From training data
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U From training data
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Discrete HMM components

A Map an arbitrarychroma

features in the test data to one

of a finite set of prototype
vectors (codebook)
U Quantization: map the feature
U Clustering: train the codebook

Observations
(visible)

Emission
probabilities

States
(hidden)

Component Meaning Reference
A Set of states o; fori € [1:1] (5.18)
A State transition probabilities a;; for i, j € [1 : I] (3.20)
C Initial state probabilities ¢; fori € [1 : ] (5.22)
B Set of observation symbols f3; for k € [1 : K| (5.25)
B Emission probabilities by, fori € [1 : I] and k € [1 : K] (5.26)
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A nave HMM model training method

A “Gtates (e.g.)0 ¢ 3,0 observation symbols
A For the training data:
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Component Meaning Reference
A Set of states o; fori € [1:1] (5.18)
A State transition probabilities a;; for i, j € [1 : I] (3.20)
C Initial state probabilities ¢; fori € [1 : ] (5.22)
B Set of observation symbols f3; for k € [1 : K| (5.25)
B Emission probabilities by, fori € [1 : I] and k € [1 : K] (5.26)

From: M. MuellerFundamentals of Music Processi@iapters, Springer2015
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The uncovering problem of HMM

A Given:
i An HMM specified bg ~ =hdhh||
i An observation sequenae £ rE M8 Feé
A Find:
U The single state sequenté i h BH i v =that
aoSau SELIXFAYE UKS 20aSNDI

Y AOQA @ iRy
U Getates,0 time frames-> total ‘O possible paths
U How to solve this problem?
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Viterbil’'s algorithm

A Based on dynamic programming: the optimal result for a
problem is built on the optimal result for the sydsoblems
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Research Center for Information Technology Innovation, Academia Sinica




Viterbil’'s algorithm

Algorithm: VITERBI

Input: HMM specified by @ = (A.A,C,B.B)
Observation sequence O = (01 = ,.02 = P, ,...,on = Py )

Output: Optimal state sequence S* = (s7,53,...,5y)

Procedure: Initialize the (/ x N) matrix D by D(i. 1) = ¢;by, fori € [1 : []. Then compute in
anested loopforn=2.....Nandi=1,....I:

D(i,n) = max;ep.p (aji-D(jn—1)) by,
E(i,n—1) = argmax;. (aji-D(j.n—1)) For backtracking
Set iy = argmax ;c(y.p D(j,N) and compute for decreasing n =N —1,...,1 the maximizing

indices
i = argmax jerp.p (aﬁn+1 -D(j,n)) =E(iy1.n).

The optimal state sequence S* = (s7,...,sy) is defined by s} = o, forn € [1 : N].

From: M. MuellerFundamentals of Music Processi@apters, Springer2015
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An example of Viter

State transition probabilities 0(1 a, | a,
a,|0.8(0.1[0.1
a,|0.2]0.7]0.1
a,|0.1(0.3[06

Initial state probabilities ai | a, | as
0.6(0.2(0.2

Emission probabilities E& By | Ba
a, [0.7] 0 |03
a,|0.1(0.9| 0
as | 0 [0.2]0.8

From: M. MuellerFundamentals of Music Processi@apters, Springer2015
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An exampl e of N2Ater

[ Input > Viterbi algorithm > Output |
Observation sequence NN o:= 8\ [ o= Bs [ 0= B1 [ o= s [ 0= Bs [0c= B, Optimal state sequence
_ a, 0.4200(0.1008(0.056410.0135(0.0033 0 .
O = (04,0,,03,04,05,0¢) a, |00200] o [ooo10] o 0 |0.0006 S* = (a,,04,0,,03,03,0,)
a, 0 [0.0336] 0 [0.0045[0.0022]0.0003
0= B4 [ 0,7 Ba[03=B1]04= 3|05 Bs
a 1 1 1 1 1
a, 1 1 1 1 3 Jliz=2]
B1 Bs By Bs Bs B2 as 1 3 1 I 3 3

From: M. MuellerFundamentals of Music Processi@dapters, Springer2015
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Resul

t

A Better than temporal smoothing
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Pitch detection
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Pitch detection

A Pitch detection from the spectrum
U Problem 1: missing fundamental
U Problem 2inharmonicity

A Periodicitybased pitch detection?

"'a"““‘“::j" Inharmonicity of a Struck String

Fundamental Third
qu“'.E“t,}' Fourth
(“missing") Fifth Tiawimes oy
Sixth
| I \ Actual Frequency
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From:http:// www.21harmony.com/blog/illuminatingnharmonicity
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From:http:// sites.sinauer.com/wolfe4e/wal0.02.html
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http://sites.sinauer.com/wolfe4e/wa10.02.html
http://www.21harmony.com/blog/illuminating-inharmonicity

“"Peritodicity” detec

A We have discussed some techniguesgectrumestimation /
frequencydetection

A What is the difference between frequency and periodicity?
A Formally, a periodic signal is defined as
0w oo “Y)h! o
A What is the definition of frequency?
A Find the fundamental frequency/period
A Application:pitch detectiorE ( NI YA ONRA LIGA2Y =
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Pitch detection theory: a historical remark

August Seebeck Georg Simon Ohm (1789-1854) Herman von Helmholtz
(1805-1849) - (1821-1894)




Seebexlkp’es i ment (1841)
law

AhKYQa &w @dtghkould be heard only if the wave
contains power at the frequenayFourierisng LIS NA& LJS O

A Ohm:{ S S 0 SirdihgQsiust an illusion
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periodicity! | frequency!
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Hel mhol tz’s theory

A~ On the Sensations of Tone as a Physiological Basis for the
Theory of Music (1877)

A &Fourierisnd  LISNB LISOUABSY RAAG2NIA
ear so we can hear that weak fundamental

ACEt STOKSNY RA&02JSNI &Y Apasa filtef 3
on audio signal

| support
Hel mhol t z06s
position!

I support
position, and | have a
beautiful explanation

Sensations of Ton

Hermann Helmholtz | Research Center for Information Technology Innovation, Academia Sinica



Schouten’ s experil me

ALYy Lz aA3yttyY nnnll X cnnll
FG wHaonll 61 STtYK2t Gl Qa (GKS?2
A Add a pure tone of 206 Hz, beats should be heard
U No beats were heard
Things are not Waveform - Spectrum
guite so s/ plqgeé |
I“] “ ’| “ !!!!!!!l!l!}mz

(a) Periodic pulse

2 3145678 9101512

Time — Number of harmonic

(b) Periodic pulse without fundamental

7/
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Schouten’ slI(8988 er I me

A Input signal1000Hz1200Hz 1400Hz
0 A clear pitch at 200 Hz shouldKeS F NR o1 St K2t 41 Q&

A Input signal1040Hz1240Hz1440Hz
i AlsoaOf S NJ LIAGOK i wnn 11 &aRKR2dz R
A Experiment: ~207 Hz

. e - e |
Things are not 1200 | L1207 _
qguite so s/impleé)] | o
| |
I | I
| | 1
000 1200 1400 7 12 w0 1290 e )
(a) (b)
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Challenges

A Quasiperiodicity
A Multiple periodicity (polyphonic: overlap and
harmonic)

A Transient
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Basic idea of periodicity detection

A Formally, a periodic signal is defined as
0o oo “Y)h! o

A Formally, the frequency spectrum of a signal i
RSTAYSR I ax

A Frequency analysis: the relationship between
the signal and the sinusoidal basis

A Periodicity analysis: the relationship between
the signal and itself
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Basic periodicity detection functions

A Autocorrelation function (ACF)

A Averagemagnitude differencdunction (AMDF)
AYIN and its periodicity detector

A Generalized ACF a@kpstrum
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Autocorrelation function (ACF)

A Cross product measures similarity across time
A Cross correlation:

u’yY (f) —B Wwowo T
A Autocorrelation:

uyY (f) —B WOwo T
A & time-domain
A t: lagrdomain
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Other relevant pitch detection functions

A Average magnitude difference function (AMDF)
Ud00Q) —B =) O s

A The pitch detection function used WN
u®oi(t) —B (0 wo D)
U Ref: Alairde Cheveigné& G I { afundamental

FNBIljdzSyOe SaidA Yl i2 NAcdudtiSdca LI
Am. 111 (4), April 2002

Pitch detection
function

Pre-processing Post-processing
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http://audition.ens.fr/adc/pdf/2002_JASA_YIN.pdf

Time-domain signal
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Wiener-KhinchinTheorem

A The computational complexity ofta-point ACF:
GO ULV U
U Is there any way to accelerate it?

A WienerKhinchintheorem: the ACF is the inverse
Fourier transform of the power spectrum
0y () "00deoMo)|

i Complexityy 01 ToC
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Generalized ACF

A Consider a generalization of ACF:

Ay () 009Q@OMY)) ,m I g

A or,Y (1 "O"O"CD"\T@"Q"O(’GG((‘)))@ ?
A What are the advantages of generalized ACF?

AwSOFff GKS af 23F NRA ( KohroBGagr@® Y LINS & -
A Reference:

A Helgelndefrey, Wolfgang Hess, and GiintBeeser"Design and evaluation of
doubletransform pitch determination algorithms with nonlinear distortion in
the frequency domaispreliminary results.'in Prog ICASSR985

A AnssiKlapurj "Multipitch analysis of polyphonic music and speech signals using
an auditory model.'|EEE Transaction on Audio, Speech and Language
Processingyol.16, No.2, pp. 25366, 2008.

Research Center for Information Technology Innovation, Academia Sinica




Preliminary result

A A violinD4 ([Q 293
Hz,”Y 3.41mseq

A Pitch indicator:

ur ¢ (ACF)
ur g
U Logarithm

Time-domain signal
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