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Abstract— Our goal is to develop a co-player music robot,
i.e., a robot that presents a musical expression together with
humans. A music interaction requires two important functions:
synchronization with the music and musical expression, such
as dancing or playing a musical instrument. Many instrument-
performing robots are only capable of the latter function, they
may have difficulty in playing live with human performers.
The synchronization function is critical for the interaction. We
classify synchronization and musical expression into two levels:
(1) the rhythm level and (2) the melody level. Two issues in
achieving two-level synchronization and musical expression are:
(1) simultaneous estimation of the rhythm structure and the
current part of the music and (2) derivation of the estimation
confidence to switch behavior between the rhythm level and the
melody level. This paper presents a score following algorithm,
incremental audio to score alignment, that conforms to the two-
level synchronization design using a particle filter. Our method
estimates the score position for the melody level and the tempo
for the rhythm level. The reliability of the score position estima-
tion is extracted from the probability distribution of the score
position. Experiments are carried out using 20 polyphonic jazz
songs. The results confirm that our method switches levels to
alleviate the error in the score position estimation. When some
of the musical notes sound vague or when temporal fluctuations
are frequently observed, the estimated score position tends to
be erroneous. In the experiment, these errors turn out to be
reduced by our two-level synchronization strategy.

I. I NTRODUCTION

Music robots capable of, for example, dancing, singing, or
playing an instrument with humans will play an important
role in the symbiosis between robots and humans. Even
people who do not share a language can share a friendly
and joyful time through music beyond ages, regions, and
races. Music robots can be classified into two categories;
entertainment-oriented robotslike trumpeter robots or dancer
robots andco-player robotsfor natural interaction. Although
the former type has been studied extensively, our research
aims at the latter type, i.e., a robot that presents a musical
expression together with humans.

Music robots should be co-players rather than entertainers
for human-robot symbiosis and richer musical experiences.
Their music interaction requires two important functions;
synchronization with the music and generation of musical
expressions, such as dancing or playing a musical instrument.
Many instrument-performing robots such as those presented
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Fig. 1. Two levels in musical interactions

in [1], [2] are only capable of the latter function, they may
have difficulty in playing live with human performers. The
former function is essential to the interaction.

We classify synchronization and musical expression into
two levels: (1) the rhythm leveland (2) the melody level.
The rhythm level is used when the robot misses what part in
a song is being performed, and the melody level is used
when the robot is aware of what part is being played.
Figure 1 illustrates the two-level synchronization with the
music. When we try to synchronize with the song being
unaware of the exact part, we can follow the beats imagining
a corresponding metronome and stomp our feet, clap our
hands or scat to the rhythm. Or, even if we do not know the
song or the lyrics to sing, we can still hum the tune. On the
other hand, when we know the song and understand which
part is being played, we can sing along or dance to a certain
choreography. Two issues arise in achieving the two-layer
synchronization and musical expression. First, the robot must
be able to estimate the rhythm structure and the current part
of the music. Second, the robot needs a confidence in how
accurately the score position is estimated, hereafter referred
to as an estimation confidence, to switch its behavior between
the rhythm level and melody level.

Since most conventional music robots have focused on
the rhythm level, their musical expressions are limited to
repetitive or random expressions such as drumming, shaking
their body, stepping, or scatting. A percussionist robot, called
Haile, developed by Weinberg et al. [3] uses MIDI signals to
account for the melody level. However, this approach limits
the naturalness of the interaction because live performances
with acoustic instruments and singing voices do not have
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Fig. 2. Two-level synchronization architecture

corresponding MIDI signals.If we stick to MIDI signals,
we would have to develop a conversion system that can take
any musical audio signal including singing voices and change
them into MIDI representations.

An incremental audio to score alignment [4] is introduced
for the melody level for the purpose of a robot singer [5], but
this method won’t work if the robot fails to track the musical
score. The important principle in designing a co-player robot
is to accept the score follower’s errors and to try to recover
from them to make ensemble performances more stable.

This paper presents a score following algorithm that
conforms to the two-level model using a particle filter [6].
Our method estimates the score position for the melody level
and tempo (speed of the music) for the rhythm level. The
reliability of the score position estimation is determined from
the probability distribution of the score position. Thus, when
the estimation of the score position is unreliable, only tempo
is reported in order to prevent the robot from performing
incorrectly; when the estimation is reliable, it reports the
score position.

II. REQUIREMENTS INSCOREFOLLOWING FOR MUSIC

ROBOTS

Music robots have to not onlyfollow the music but also
predictcoming musical notes. This is because a music robot
cannot present a musical expression without any delay when
it detects the current position in the score. For example,
Murata et al. [7] reports that it takes around 200 (ms) to
generate a singing voice using singing voice synthesizer
VOCALOID [8]. This is also the case with humans; it
takes around 200 (ms) to respond to something one hears.
Therefore, a robot for our purpose needs the capability to
predict future musical events at least 200 (ms) in advance.

A. State-of-the-art Score Following Systems

Most conventional score following methods are based on
either dynamic time warping (DTW) [9] or hidden Markov
model (HMM) [10]. The target of these systems are a MIDI-
based automatic accompaniments. Since MIDI systems can

synthesize audio signals without delay, they only report the
current score position without any prediction.

Another score following method [11] uses a hybrid HMM
and semi-Markov chain model to predict the duration of each
musical note. However, this method reports the most likely
score position whether it is reliable or not. Our idea is that
using an estimation confidence of the score position to switch
between behaviors would make the robot more intelligent in
the music interaction.

Our method is an extension of the particle filter-based
score following [12] that is apt to fail when the tempo is
misestimated. We use a prior tempo information specified
by the score to stabilize the tempo estimation.

B. Problem Statement

The problem is specified as follows:� �
Input: incremental audio signal and the corresponding
musical score,
Output: predicted scoreposition, or the tempo
Assumption: the tempo is provided by the musical
score with a margin of error.

� �
The issues are (1) simultaneous estimation of the score
position and tempoand (2) the design of the estimation
confidence. Generally, the tempo given by the score and
the actual tempo in the human performance is different
partly due to the preference or interpretation of the song,
or partly due to the temporal fluctuation in the performance.
Therefore, some margin of error should be assumed in the
tempo information. In Section IV-B several values of the
margin are tested.

We model this simultaneous estimation as a state-space
model and obtain the solution with a particle filter. The
particle filter approximates the simultaneous distribution of
score position and tempo by the density of particles with a
state transition model and an observation model. With incre-
mental audio input, the particle filter updates the distribution
and estimates the score position and tempo. The reliability
is determined from the probability distribution. Figure 2
outlines our method. The particle filter outputs three types
of information: the predicted score position, tempo, and esti-
mation confidence. According to the estimation confidence,
the system reports either the score position or the tempo.

III. SCOREFOLLOWING USING PARTICLE FILTER

A. Overview of Particle Filter

Let Xf ,t be the amplitude of the input audio signal in the
time frequency domain with frequency binf and timet, and
let k be the score frame. The score is divided into frames
such that the length of a quarter note equals to 12 frames
to account for the resolution of sixteenth-note and triplets.
Musical notesnk = [n1

k...n
rk
k ]

T are placed at framek, and rk

is the number of musical notes. Each particlepi has score
position, beat interval, and weight:pi = (k̂i , b̂i ,wi), and N
is the number of particles, i.e., 1≤ i ≤ N. The unit for k̂i

is a beat (the quarter note position), and the unit forb̂i is
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seconds per abeat. Although the actual score positionk is a
discrete in steps of 1/12, the value held by the particlesk̂i

is continuous.
At every ∆T time, the following procedure is carried

out: (1) state transition, (2) observation, (3) resampling, and
then estimation of the tempo and the score position. Figure 3
illustrates these steps. The size of each particle represents
its weight. After the resampling step, the weights of all
particles are set to be equal. Each procedure is described
in the following subsections.

B. State Transition Model

The beat interval is sampled from the proposal distribution
q(b|Xt , b̃s) that consists of normalized cross correlation of an
audio spectrogramXt and the window function derived from
the tempob̃s provided by the musical score.

b̂i ∼ q(b|Xt , b̃
s), (1)

q(b|Xt , b̃
s) ∝ R(b,Xt)×ψ(b|b̃s). (2)

The audio spectrogram is denoted byXt = [Xf ,τ ], where
t − L < τ ≤ t and L denotes the window length of the
spectrogram. The normalized cross correlation is defined as

R(b,Xt) =

t

∑
τ=t−L

∑
f

Xf ,τXf ,τ−b

√

√

√

√

t

∑
τ=t−L

∑
f

X2
f ,τ

t

∑
τ=t−L

∑
f

X2
f ,τ−b

. (3)

The window function is centered at̃bs that is the tempo
specified by the musical score.

ψ(b|b̃s) =

{

1 |60/b−60/b̃s|<W
0 otherwise

, (4)

whereW is the width of the window in beats per minute
(bpm). A beat intervalb (sec) is converted into a tempo value
m (bpm) by the equationm= 60/b. Eq. (4) limits the beat
interval value of particles so as not to miss the score position
by a falut tempo estimation. The score position is sampled
from the normal distribution whose mean value is obtained
by adding an offset corresponding to the beat intervalb̂i to
the previous score position.

k̂i ∼ N (k|k̂old
i +∆T/b̂i ,σ2

k ), (5)

where k̂old
i is the previous score position, and the variance

σ2
k is empirically set to 1.
State transition probabilities are defined as follows:

p(b̂i , k̂i |b̂
old
i , k̂old

i )

= N (b̂i |b̂
old
i ,σ2

b)×N (k̂i |k̂
old
i +∆T/b̂i ,σ2

k ), (6)

where the variance for the beat interval transitionσ2
b is

empirically set to 0.2. These probabilities are used for the
weight calculation in Eq. (7).

C. Observation Model and Weight Calculation

At time t, a spectrogramXt = [Xf ,τ ](t−L < τ ≤ t) is used
for the weight calculation. The weight of each particlewi ,1≤
i ≤ N is calculated as:

wi =
p(Xt |b̂i , k̂i)p(b̂i , k̂i |b̂old

i k̂old
i )

q(b|Xt , b̃s)
, (7)

where p(b̂i , k̂i |b̂old
i k̂old

i ) is defined in Eq. (6) andq(b|Xt , b̃s)
is defined in Eq.(2). The observation probabilityp(Xt |b̂i , k̂i)
consists of three parts as

p(Xt |b̂i , k̂i) ∝ wch
i ×wsp

i ×wt
i . (8)

The two weights, the chroma vector weightwch
i and spec-

trogram weight wsp
i , are measures of pitch information.

The weightwt
i is a measure of temporal information. We

use both the chroma vector similarity and the spectrogram
similarity to estimate the score position because they have
a complementary relationship. A chroma vector has 12
elements corresponding to the pitch name,C,C♯, ...,B. This
is a good feature for audio-to-score matching because the
chroma vector is easily derived from both the audio signal
and the musical score. However, the elements of a chroma
vector become ambiguous when the pitch is low due to the
frequency resolution limit. The harmonic structure observed
in the spectrogram alleviates this problem because it makes
the pitch distinct in the higher frequency region.

To match the spectrogramXf ,τ , wheret −L < τ ≤ t, the
audio sequence is aligned with the corresponding score for
each particle, as shown in Figure 4. Each frame of the
spectrogram at timeτ is assigned to the score frameki

τ that
is discrete at 1/12 interval using the estimated score position
k̂i and the beat interval (tempo)b̂i as:

ki
τ =

1
12

⌊12× (k̂i − (t − τ)/b̂i)+0.5⌋, (9)

where⌊x⌋ is the floor function.
The sequence of chroma vectorsca

τ is calculated from the
spectrumXf ,τ using 12 types of band-pass filters for each
element [13]. The value of each element in the score chroma
vectorcs

ki
τ

is 1 when the score has a corresponding note, and

0 otherwise. The chroma weightwch
i is calculated as:

wch
i =

1
L f rm

t

∑
τ=t−L

ca
τ ·c

s
ki

τ
, (10)
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where L f rm is the number of audio frames equivalent to
L (sec). Both vectorsb f ca

τ and cs
ki

τ
are normalized before

applying them to Eq. (10).
The spectrogram weightwsp

i is derived from the Kullback-
Leibler divergence with regard to the shape of spectrum
between the audio and the score.

wsp
i =

(

1+DKL
i

)

exp
(

−DKL
i

)

, (11)

DKL
i =

1
L f rm

t

∑
τ=t−L

∑
f

Xf ,τ log
Xf ,τ

X̂f ,kτ i

, (12)

whereDKL
i in Eq. (12) is the dissimilarity between the audio

and score spectrograms. Before calculating Eq. (12), the
spectrum is normalized such that∑ f Xf ,τ = ∑ f X̂f ,ki

τ
= 1.

The positive valueDKL
i is mapped to the weightwsp

i by
Eq. (12) where the range ofwsp

i is between 0 and 1. For
the calculation ofwsp

i , the spectrumX̂f ,ki
τ

is generated from
the musical score by using the harmonic gaussian mixture
model (GMM), the first term in Eq. (13).

X̂f ,ki
τ

=

rkτ i

∑
r=1

G

∑
g=1

h(g)N( f ;gFnr
kτ i
,σ2)+C( f ), (13)

C( f ) = Aexp(−α f ) . (14)

In Eq. (13), g is the harmonic index,G is the number
of harmonics, andh(g) is the height of each harmonics.
Fnr

kτ i
is the fundamental frequency of notenr

kτ i and the

varianceσ2. The parameters are empirically set as:G= 10,
h(g) = 0.2g, σ2 = 0.8. To avoid zero divides in Eq. (12),
pink noise is added to the score spectrogram (Eq. (14)).A
is a constant that makes the power of the pink noise 5%
of that of the harmonic GMM.α is determined such that
log10(C( f +∆ f )/C( f )) =−0.6, where∆ f is the number of
frequency bins corresponding to 1000 (Hz).

The weight wt
i is the measure of the beat interval and

obtained from the normalized cross correlation of the spec-
trogram through a shift bŷbi :

wt
i = R(b̂i ,Xt), (15)

whereR(b̂i ,Xt) is defined in Eq. (3).

D. Resampling Based on the Weights

After calculating the weight of all particles, the particles
are resampled. In this procedure, particles with a large weight
are selected many times, whereas those with a small weight
are discarded because their score position is unreliable.
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Fig. 5. Relationship between estimation error (top) and variance (bottom).

A particle p is drawn independentlyN times from the
distribution:

P(p= pi) =
wi

∑N
i=1wi

. (16)

A set of resampled particles that have the equal weight
approximate the distribution of the current score position.
After N particles are resampled, the beat interval, equivalent
to the tempo,b̂ and the score position̂k are estimated by
averaging the values that densely distributed particles hold.
Then, the score position∆T ahead in timêkpredis predicted
by the following equation:

k̂pred = k̂+∆T/b̂. (17)

E. Initial Probability Distribution

The initial particles are set as follows: (1) drawN samples
of the beat intervalb̂i value from a uniform distribution
ranging from b̃s − 60/W to b̃s + 60/W where W is the
window width in Eq. (4). (2) Set the score position of each
particle k̂i to 0. The bpmx (beat/min) is converted into
the corresponding beat intervalb (sec) with the equation
b= 60/x.

F. Estimation Confidence of Score Following

The variances2(t) of the predicted score position is used
as the estimation confidence:

s2(t) =
N

∑
i=1

(

k̂i −µ
)2
/N, (18)

where k̂i comes from Eq. (5) andµ is the mean of̂ki ,1≤
i ≤ N. In general, the high variance means that particles are
widely distributed over the score. The relationship between
the variance and the estimation error is shown in Figure 5.
The estimation error is defined as Eq. (21). The variance
tends to increase faster when the cumulative error grows
larger around 35–40 (sec) in Figure 5. A rapid drop in
variance means the majority of particles converge to a certain
score position. If the particles converges to a correct score
position, the variance remains stable. On the other hand, if
the particles move to the wrong score position, the variance
starts soaring again.

Switching between the melody level and rhythm level is
carried out as follows:
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1) First, the system reports the score position and the
tempo.

2) If Eq. (19) is satisfied, the system switches to the
rhythm level and stops reporting the score position.

3) After a drop in the variance described in Eq. (20),
and if Eq. (19) remains unsatisfied for the subsequent
I∆T, the system switches back to the melody level and
resumes reporting the estimated score position.

s2(t)−s2(t − I∆T) > γ incI (19)

s2(t)−s2(t − I∆T) < −γdecI (20)

These parameters are set as:I = 5, γ inc = γdec= 4.

IV. EXPERIMENTAL EVALUATION

This section presents the prediction error of the score
following in various conditions: (1) comparisons with An-
tescofo [14], (2) the effect of two-level synchronization, (3)
the effect of the number of particlesN, and (4) the effect of
the width of window functionW in Eq. (4).

A. Experimental Setup

Our system was implemented in C++ on a MacOSX
with an Intel Core2 Duo processor. We used 20 jazz songs
from the RWC Music Database [15] listed in Table II.
The sampling rate was 44100 (Hz) and Fourier transform
was executed with a 2048 (pt) window length and 441 (pt)
window shift. The parameter settings are listed in Table I.

TABLE I

PARAMETER SETTINGS

Denotation Value

Look-ahead time ∆T 1 (sec)
Window length L 2.5 (sec)
Score position variance σ2

k 1 (beat2)
Beat duration variance σ2

b 0.2 (sec2/beat2)

TABLE II

SONGS USED FOR THE EXPERIMENTS

Song ID File name Tempo (bpm) Instruments1

1 RM-J001 150 Pf
2 RM-J003 98 Pf
3 RM-J004 145 Pf
4 RM-J005 113 Pf
5 RM-J006 163 Gt
6 RM-J007 78 Gt
7 RM-J010 110 Gt
8 RM-J011 185 Vib & Pf
9 RM-J013 88 Vib & Pf
10 RM-J015 118 Pf & Bs
11 RM-J016 198 Pf, Bs & Dr
12 RM-J021 200 Pf, Bs, Tp & Dr
13 RM-J023 84 Pf, Bs, Sax & Dr
14 RM-J033 70 Pf, Bs, Fl & Dr
15 RM-J037 214 Pf, Bs, Vo & Dr
16 RM-J038 125 Pf, Bs, Gt, Tp & Dr etc.
17 RM-J046 152 Pf, Bs, Gt, Kb & Dr etc.
18 RM-J047 122 Kb, Bs, Gt & Dr
19 RM-J048 113 Pf, Bs, Gt, Kb & Dr etc.
20 RM-J050 157 Kb, Bs, Sax & Dr
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B. Score Following Error

At ∆T intervals, our system predicts the score position
k̂(t+∆T) when the current time ist. Let s(k) be the ground
truth time at beatk in the music.s(k) is defined for positive
continuousk by linear interpolation of musical event times.
The prediction errorepred(t) is defined as:

epred(t) = t +∆T −s(k̂(t +∆T)). (21)

Positiveepred(t) means the estimated score position is ahead
of the true position.

a) Our method vs HMM-based score following method:
Figure 6 shows the errors in the predicted score positions for
20 songs when the number of particlesN is 500 and the width
of the tempo windowW corresponds to 15 (bpm). The com-
parison between our method in blue plots and Antescofo [14]
in red plots. The mean values of our method is calculated by
averaging all prediction errors both on the rhythm level and
on the melody level. This is because Figure 6 is intended to
compare the particle filter-based score following algorithm
with HMM-based one. Our method reports less mean error
values for 16 our of 20 songs than existing score following
algorithm Antescofo.

There can be observed striking errors in songs ID 6–14.
Main reasons are two-fold: (1) In songs ID 6–10, a guitar
or multiple instruments are used. Among their polyphonic
sounds, some musical notes sound so vague that the audio
spectrogram is different from the GMM-based spectrogram
generated by Eq. (13). (2) On top of the first reason, temporal
fluctuation is observed in songs ID 11–14. These two factors

1abbreviations: Pf=Piano, Gt=Guitar, Vib=Vibraphone, Bs=Bass,
Dr=Drums, Tp=Trumpet, Sax=Saxophone, Fl=Flute, Vo=Vocal,
Kb=Keyboard
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lead score following algorithms to fail to track a musical
audio signal.

b) The effect of two-level switching:Figure 7 shows
the errors in only the melody level and both the melody
and the rhythm level. The effect of 2-level synchronization
is outstanding in songs ID 6–14. The errors in these songs
are more than the other songs as in Figure 6. Therefore, the
particles are tend to spread over the score position dimension
and lead the variance to increase. This is why our two-level
synchronization strategy is very effective for these songs.

c) Prediction error vs the number of particles:Figure 8
shows the mean prediction errors for various numbers of
particles N. Three songs were chosen for the comparison
songs ID 4, 8, 13. The window widthW is fixed to 15
(bpm). When the number of particles increases in tracking
a low-error song ID 4, the error is slightly alleviated. On
the other hand, when the number increases in tracking an
errorful songs like ID 8 or 13, an increase in the number
does not contribute to the reduction of mean errors. This
result indicates that these errors are caused by other reasons
such as mismatch between the audio and the score in the
observation step instead of the number of particles.

d) Prediction error vs the width of the tempo window:
Figure 9 shows the mean prediction errors for various
widths of tempo windowW. In this experiment,W is set
to 15,30,and45 (bpm). To simulate the situation that the
given tempo is different from the performance, abiasedcase
is also tested. In this case,W is set to 15 and the tempo
given by the score is biased by 15 (bpm). Therefore, the
true tempo is located at the edge of the window function
is Eq. (4). Intuitively, the narrower the width is, the closer
to zero the error value should be because the chance of
choosing a wrong tempo will be reduced. However, almost
the same results are obtained for variousW and even in the
biased case. This is because peaks in the normalized cross
correlation in Eq. (3) are sufficiently striking to choose an
appropriate beat interval value from the proposal distribution

in Eq. (2).

V. D ISCUSSION ANDFUTURE WORK

Experimental results show that the score following perfor-
mance varies with the music played. Needless to say, a music
robot hears a mixture of musical audio signals and its own
singing voice or instrumental performance. Some musical
robots [5], [7], [16] use self-generating sound cancellation
[17] from a mixture of sounds. Our score following should
be tested with such a cancellation because the performance
of score following may deteriorate if such a cancellation is
used.

The design of the two-level synchronization is intended to
improve existing methods reported in the literature. Some
of the existing beat tracking [7] and score following [5]
methods are not robust against temporal fluctuations in the
performance. This is similar to the case of spoken dialogue
systems. Since no one projects that a 100%-accurate ASR
is forthcoming, a quick and easy way to correct recognition
errors is mandatory [18]. We have developed the two-level
synchronization to make score following usable for co-player
robots. The next step to enrich the score following is a
recovery mechanism that occurs when the score position is
lost. When human musicians miss the score position, they try
to recover the error by looking for landmarks ahead such as
the beginning of a chorus part. Once landmarks are automat-
ically extracted from the musical score and are detected in
the audio signal, music robots can recover to the landmarks
by distributing enough particles at the detected landmarks.
For this recovery mechanism, automatic extraction of these
landmarks from the score and the landmark detection from
the audio should be realized.

We are currently developing ensemble robots with a
human flutist. The human flutist leads the ensemble, and
a singer and thereminist robot follows [19]. The two-level
synchronization approach benefits this ensemble as follows:
when the score position is uncertain, the robot starts scatting
the beats, or faces downward and sings in a low voice; when
the robot is aware of the part of the song, it faces up and
presents a loud and confident voice. This posture-based voice
control is attained through the voice manipulation system
[20].

Our score following using the particle filter should also
be able to improve an instrument-playing robot. In fact,
the theremin player robot moves its arms to determine the
pitch and the volume of theremin. Therefore, the prediction
mechanism enables the robot to play the instrument in
synchronization with the human performance. In addition,
a multimodal ensemble system using a camera [21] can
be naturally aggregated with our particle-filter-based score
following system. This is because the flexible framework
of the particle filter facilitates aggregation of multimodal
information sources [22].

VI. CONCLUSION

This paper presented a score following system based on
a particle filter to attain the two-stage synchronization for

49



interactive music robots that presents musical expressions. A
two-level synchronization is performed at the rhythm level
and the melody level. The reliability of score following is
calculated from the density of particles and is used to switch
between levels. The experimental results demonstrated the
feasibility of the system. The future work includes develop-
ment of interactive ensemble robots, and it will be reported
in the near future.
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