Robust Temporal and Spectral Modeling
for Query By Melody

by

Shai Shalev-Shwartz

Submitted to the School of Computer Science & Engineering
in partial fulfillment of the requirements for the degree of

Master of Computer Science
at the
HEBREW UNIVERSITY IN JERUSALEM

July 2002



This work was carried out under the supervision of
Dr. Yoram Singer and Dr. Shlomo Dubnov



Acknowledgments

I would like to thank my supervisor Dr. Yoram Singer for his given
help all along the way.

I would also like to thank Dr. Shlomo Dubnov from the department
of communication engineering in Ben-Gurion university for leading me
through the paths of digital music processing.

In addition, T would like to thank Dr. Nir Friedman for his valuable
suggestions.

I am grateful to Efrat Egozi and Leo Kontorovitch for their useful
comments on the manuscript.

I want to thank the members of the machine learning lab for being a
supporting company.

And last but not least, I would like to thank my wife Moria Shalev-
Koffman for her support during the accomplishment of this work and

also for her help in creating the queries used in the experiments.

Shai Shalev-Shwartz

Jerusalem, Israel
July 2002






Contents

1 Introduction

2 Basic Concepts
2.1 Digital musical audio signals . . . . . .. .. ... .00
2.1.1 Analog and Digital Signals . . . . . . ... ... ... ... ..
2.1.2  The concept of Frequency . . . . .. ... ... ... .....
2.1.3 Analog to Digital Conversion . . .. ... ... ........
2.1.4 Fourier Transform . . . . . . . .. ... ...
21.5 Energy . . . . ...
2.1.6 Linear Shift-Invariant Systems . . . . . . . .. .. ... ...
2.1.7 'The Short Time Fourier Transform . . . . .. .. ... .. ..
2.1.8 Musical Sound Generation . . . . . . ... ...
2.2 Statistics . . . . . ... L
2.2.1 Probability and Random variables . . . . . . ... ... ....
2.2.2  Conditional probability . . . . .. ... .. ...
2.2.3 Conditional Independencies and Bayesian Networks . . . . . .
224 Markovmodels . .. . ... o Lo L o

3 Problem Setting
3.1 Amusical melody . . . . . . ...
3.1.1 Pitch . .. .00
3.1.2 Duration . . . . . ..

3.2 A performance . ... ... .. L

4 From melody to signal: a generative model
4.1 Tempomodeling . .. ... ... .. ... .. ...
4.2 Spectral Distribution Model . . . . . . . ... o000

5 Alignment and Retrieval
5.1 Alignment . . . . . ...

© J O ot ot Ot

10
11
13
16
19
19
19
20
21

23
23
23
24
24

27
28
29

33



5.2 Retrieval . . . . . . ...

6 Experimental Results

7 Discussion

A Appendix: The Harmonic with Independent Noise model

Bibliography

VI

35

43

45

47



List of Figures

2-1
2-2
2-3

2-4

2-5
2-6

5-1

6-1

6-2

6-3

Example of an analog sinusoidal signal. . . . . . ... ... ... ...

Example of aliasing. . . . .. ... ... o Lo 8
A chirp signal (top), its DFT analysis using dB scale (middle) and its

STFT analysis presented by spectrogram (bottom). . . . .. ... .. 14
The spectrum of rectangular window. . . . . . .. .. ... ... ... 16
The elements of acello. . . . . . . .. ... ... 0. 18
Vibration of a string at the harmonic frequencies. . . . . .. . .. .. 18
A twelve-to-the-octave scale. . . . . . . .. ... ... ... 24

The independencies between the variables. The observed variables are
pink colored and the hidden variables are yellow colored. . . . . . .. 28
The spectrum of a single frame along with an impulse train designating
the harmonics of the soloist. . . . . . . . ... ... ... ... ... 31

The alignment algorithm. . . . .. ... ... ... . 0L 34

Precision-recall curves comparing the performance of three tempo mod-
els for queries consisting of five seconds (top), fifteen second (middle),
and twenty five seconds (bottom). . . . . .. ... L. 38
Precision-recall curves comparing the performance of each of the tempo
models for three different query lengths. . . . . . .. .. ... .. .. 39
An illustration of the alignment and segmentation of the VT model.

The pitches of the notes in the melody are overlayed in solid lines. . . 40

VII



VIII



Robust Temporal and Spectral Modeling
for Query By Melody
by
Shai Shalev-Shwartz

Submitted to the School of Computer Science & Engineering
on July 31, 2002, in partial fulfillment of the
requirements for the degree of

Master of Computer Science

Abstract

Query by melody is the problem of retrieving musical performances
from melodies. Retrieval of real performances is complicated due to the
large number of variations in performing a melody and the presence
of colored accompaniment noise. We describe a simple yet effective
probabilistic model for this task. We describe a generative model that is
rich enough to capture the spectral and temporal variations of musical
performances and allows for tractable melody retrieval. While most
of previous studies on music retrieval from melodies were performed
with either symbolic (e.g. MIDI) data or with monophonic (single
instrument) performances, we performed experiments in retrieving live
and studio recordings of operas that contain a leading vocalist and rich
instrumental accompaniment. Our results show that the probabilistic

approach we propose is effective and can be scaled to massive datasets.
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Chapter 1

Introduction

A natural way for searching a musical audio database for a song is to look for a
short audio segment containing a melody from the song. Most of the existing systems
are based on textual information, such as the title of the song and the name of the
composer. However, people often do not remember the name of the composer and
the song’s title but can easily recall fragments from the soloist’s melody.

The task of query by melody attempts to automate the music retrieval task. It was
first discussed in the context of query by humming [15, 19, 20, 21]|. These works focus
on converting hummed melodies into symbolic MIDI format (MIDI is an acronym
for Musical Instrument Digital Interface. It is a symbolic format for representing
music). Once the query is converted into a symbolic format the challenge is to search
for musical performances that approximately match the query. Most of the research
so far has been conducted with music stored in MIDI format [18] or in monophonic
(i.e. single vocal or instrument) recordings (see for instance [12, 9] and the references
therein). In this work, we suggest a method for query by melody where the query
is posed in symbolic form as a monophonic melody and the database consists of real
polyphonic recordings.

When dealing with real polyphonic recordings we need to address several com-
plicating factors. Ideally, melodies can be represented as sequences of notes, each
is a pair of frequency and temporal duration. In real recordings two major sources
of difficulty arise. The first is the high variability of the actual durations of notes.
A melody can be performed faster or slower than the one dictated by the musical
score. This type of variation is often referred to as tempo variability. Furthermore,
the tempo can vary within a single performance. For instance, a performance can
start with a slow tempo which gradually increases. The second complicating factor
is the high variability of the spectrum due to many factors such as differences in tone

colors (timbre) of different singers/instruments, the intentional variation by the lead-
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ing vocalists (e.g. vibrato and dynamics) and by “spectral masking” of the leading
vocal by the accompanying vocals and orchestra.

We propose to tackle these difficulties by using a generative probabilistic ap-
proach that models the temporal and spectral variations. We associate each note
with a hidden tempo variable. The tempo variables capture the temporal variations
in the durations of notes. To enable efficient computation, the hidden tempo se-
quence is modeled as a first order Markov process. In addition, we describe a simple
probabilistic spectral distribution model that is robust to the masking noise of the ac-
companying instruments and singers. This spectral distribution model is a variant of
the harmonic likelihood model for pitch detection [29]. Combining the temporal and
spectral probabilistic components, we obtain a joint model which can be considered
as a dynamic Bayesian network [10]. This representation enables efficient alignment
and retrieval using dynamic programming.

This probabilistic approach is related to several recent works that employ Hidden
Markov Models (HMM) for music processing. Raphael [26] uses melody information
(pitches and durations of notes) in building an HMM for a score following application.
A similar approach is used by Durey and Clements [12] who use the pitch informa-
tion of notes for building HMMs for melody retrieval. However, both approaches
were designed for and evaluated on monophonic music databases. Most work on
polyphonic music processing addressed tasks such as music segmentation into tex-
tures [6], polyphonic pitch tracking [31], and genre classification [30, 14]. We believe
that the approach we describe in this paper is a step toward an effective retrieval

procedure for massive musical datasets.



Chapter 2
Basic Concepts

A system for query by melody aims to connect between a melody and its perfor-
mances. The substance of this connection is statistical. In the following, we explain
basic concepts regarding two issues. In Sec. (2.1) we describe how we represent and
analyze real performances using a computer. In Sec. (2.2) we review several statistical

concepts and methods.

2.1 Digital musical audio signals

Basically, a musical audio signal is a sound wave, meaning, changes in the air density
as a function of time. A microphone can convert a sound wave into the form of
electric oscillations. Both of the above signals are analog - these signals are continuous
functions from R to R. A computer is a digital machine. Thus, in order to represent
and analyze an analog signal using a computer, the signal has to be digitized. In
this section we briefly introduce the basic concepts and methods of the theory of
digital signal processing. Naturally, we focus on the aspects relevant to musical
acoustic signals. After we lay the groundwork of basic digital signal processing,
we describe the source-filter model of speech (and audio) production. For a more
profound presentation see [27, 28, 22, 24, 16, 13, 7].

2.1.1 Ana an a na

An analog signal is a continuous value function of continuous time. A digital signal is
a discrete value function of discrete time. Formally, let R denote the real numbers, let

denote the complex numbers and let  denote the whole numbers. Let  denote
a finite set of rational numbers (usually, 2 , where is the number of bits we

use for a single number). An analog signal () is a function from R to . Similarly,
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Figure 2-1: Example of an analog sinusoidal signal.

an analog signal of real values is a function from R to R. A digital signal ( )isa
function from to . We use subscript for representing analog signal and subscript

for representing digital signal. In the following, when it will be clear from the
context, we will omit the subscript. A signal with argument will denote an analog

signal and a signal with argument will denote a digital signal.

2.1.2 n n

Frequency is closely related to a specific type of periodic motion called harmonic
oscillation, which is described by sinusoidal functions. A simple harmonic oscillation
is mathematically described by the following analog sinusoidal signal:

() cos(2 ) R

This signal is fully characterized by three parameters: is the amplitude of the
sinusoid, is the requency in cycles per second or hertz (Hz), and is the phase in
radians. In Fig. (2-1) we illustrate these parameters.

It can easily be shown, that the sinusoidal signal is periodic. We denote the
fundamental period of the sinusoidal signal by —. The concept of frequency is
directly related to the concept of time. Actually, it has the dimension of inverse time.

The relationship we have described for sinusoidal signals carry over to the class of

complex exponential signals,

()



where 1. This can easily be seen by expressing the signals in terms of sinusoids
using the Euler identity

Cos sin

According to Fourier (1768-1830), most signals of practical interest can be decom-
posed into a sum of complex exponential signals. Therefore, we can represent a signal
in the time domain (as a function of time) or in the frequency domain (as a function
of frequency). The representation of a signal using the second method is called the

pec rum of the signal. The absolute value of the spectrum is called the m ni ude
pec rum. We use lower case letters for representing a signal in the time domain and
upper case letters for representing a signal in the frequency domain. Similar to our
notation in the time domain, a spectrum with argument will denote continuous
spectrum and a spectrum with argument  will denote discrete spectrum. We will
explain how to convert a signal from the time domain to the frequency domain and
vice versa in Sec. (2.1.4).

2.1. Ana a n n

The process of n lo o di i [ (A/D) conversion consists of two steps: sampling and

quantization.

Sampling

We sample the analog signal periodically every  seconds.  is the mplin period.
Thus, the value of the sampled signal equals the value of the analog signal at time

)

() O )

The mplin  requency is the number of samples in one second. We denote the

mplin  requency by . Clearly,

The measure unit is samples per second. The mplin requency is an upper bound
for the frequencies that the sampled signal can express. In order to clarify this, let

us observe two analog sinusoidal signals:



.i
v

Figure 2-2: Example of aliasing.

We sample the signals using mplin requency . We choose such that
(without loss of generality ). We denote the resulting digital signals
by ( )and () respectively. We can easily prove that  equals

() (—)

cos(2 — ) cos(2

cos(2 2 — ) cos(2 — )

(=) (O)

We illustrate this phenomenon in Fig. (2-2). Therefore, frequencies that are higher
than the mplin requency are introduced in the sampled signal as lower frequencies.
This phenomenon is referred toas I in . The above discussion leads to the sampling
theorem:

Theorem 1 Sampling Principle n nlo inl ()c nberecon ruced rom
i mpled inl () ()i he mplin requency — i re er hn
ice i hi he requency her ie li in ouldreul in () he m

plin r eo 2 1 clled he yqui r e

uanti ation

In order to represent each value of the sampled signal using  bits, we round each

value to yield a discrete binary number. We refer to the rounding errors as qu n i
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ion noi e. sually, we use a normalized 32 bit floating point format with values

ranging from 10 to 1 0, and thus the qu n ¢ ion noi e is neglected.

2.1. an

The French mathematician, Jean Baptiste Joseph Fourier (1768-1830), developed
several mathematical formulas for converting signals from the time domain to the
frequency domain and vice versa. We denote the conversion from the time domain to
the frequency domain by n ly ¢ equation, and the opposite conversion by yn he 1
equation. The conversion formula is dependent on two aspects of the signal. Peri-
odic (with period ) vs. aperiodic (with finite-energy, see Sec. (2.1.5)) signals and
continuous-time vs. discrete-time signals. In table (2.1) we describe the = ly i and

yn he 1 equations for the different cases. The only class of signals we can store in
a computer is the periodic discrete-time signals (we only need to store the  values
of one period of the signal). We also refer to this class of signals as finite-duration
discrete-time signals. The n [y ¢+ equation for this class is often referred to as the

i cre e ourier r n orm (DFT). Similarly, the yn he i equation for this class is

often referred to as the n er e i cree ourier rn orm (IDFT).

The spectrum of a periodic discrete-time signal with a period also form a

periodic sequence with a period

«c > -0 — = O = ()

If we use a sampling frequency , the range 0 1 corresponds to the
frequency range 0 . Therefore, ( ) is a sampling of the spectrum range
0 1

The complexity of the straightforward implementation of the DFT is ( ). By
taking advantage of the periodicity of the analysing sinusoids ~ and applying
the divide and conquer principle of splitting the problem into successively smaller
subproblems, a variety of more efficient algorithms of complexity ( log ) have
been developed which came to be known collectively as the ourier 1 m orm
(FFT). They generally require that  be a power of two. This requirement is not
critical, since we can add zeros to the end of the finite signal. It can be shown that

zero padding a signal only increases the sampling rate of the frequency.



Analysis

Synthesis













A
AN

£

=

3

2

S-30F

@

8

2

c

5

g
_a0f
50}







Magnitude (dB)

-10

-20

-30

-50

-60
-1

! ! !

-0.2 0 0.2
Frequency (Ttunits)

0.4

0.6

0.8







1st harmonic 2nd harmonic

3rd harmonic 4th harmonic




2.2
















BN

o #o-® #®

CH# D# F# G# A#













@

Actual Duration

&

Performance

/









0.9

T
I

0.8f ]

o
~
T
I

o
(<2
T
I

0 i oot b A YR ¥ ol .
0 1000 2000 3000 4000 5000 6000
w (Hz)






















-0~ FT/5
-8~ LFT/5

- VT/5

0.5r

0.4F

uoisioald

2r

o

0.1-

0.8

0.6
Recall

0.4

0.2

-©- FT/15
-8~ LFT/15
- VT/15

11

04 05 06 07 08 09
Recall

0.3

0.2

-©- FT/25

-8 LFT/25
= VT/25

0.9+

.
@
[=}

™~
[=}

<

o
uols

n
o
1081

<
o
d

.
@
[=}

0.2r

0.1r

.
@ ©
<]

= S
uolisioald

4
2r
0

0.8

0.6
Recall

0.4

0.2



0.5

0.45

0.4

0.35

o
w

Precision
o
N
[4)]

-©- FT/5
= FT/15
-2 FT/25

0.2
0.15
0.1
0.05
%1 02 03 04 05 06 07 08 09
Recall
07t -©- LFT/5
‘ -2~ LFT/15
= LFT/25
0.6
0.5¢
c
(=]
©00.4F
(8]
o
& o3t
0.2f
0.1f
0
-©- VT/5
1r -=- VT/15
== VT/25
0.8
5
206
'O
o
o
0.4
0.2}




Frequency

3500

3000

2500

N
o
o
o

1500

1000

500

17 18

19

20

21
Time

22

23

24

25































