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Abstract— Our goal is to develop aco-player music robot, [Rhythmlevelinteraction\
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 Fig. 1. Two levels in musical interactions
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 in [1], [2] are only capable of the latter function, they may

songs. The results confirm that our method switches levels to paye difficulty in playing live with human performers. The
alleviate the error in the score position estimation. When some former function is essential to the interaction

of the musical notes sound vague or when temporal fluctuations . o ) L
are frequently observed, the estimated score position tends to ~ We classify synchronization and musical expression into
be erroneous. In the experiment, these errors turn out to be two levels: (1)the rhythm leveland (2)the melody level.
reduced by our two-level synchronization strategy. 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.
Music robots capable of, for example, dancing, singing, drigure 1 illustrates the two-level synchronization with the
playing an instrument with humans will play an importantmusic. When we try to synchronize with the song being
role in the symbiosis between robots and humans. Evemaware of the exact part, we can follow the beats imagining
people who do not share a language can share a friendlycorresponding metronome and stomp our feet, clap our
and joyful time through music beyond ages, regions, antands or scat to the rhythm. Or, even if we do not know the
races. Music robots can be classified into two categoriespng or the lyrics to sing, we can still hum the tune. On the
entertainment-oriented robolike trumpeter robots or dancer other hand, when we know the song and understand which
robots andto-player robotdor natural interaction. Although part is being played, we can sing along or dance to a certain
the former type has been studied extensively, our researchoreography. Two issues arise in achieving the two-layer
aims at the latter type, i.e., a robot that presents a musicgfnchronization and musical expression. First, the robot must
expression together with humans. be able to estimate the rhythm structure and the current part
Music robots should be co-players rather than entertainep$ the music. Second, the robot needs a confidence in how
for human-robot symbiosis and richer musical experiencesccurately the score position is estimated, hereafter referred
Their music interaction requires two important functionsfo as an estimation confidence, to switch its behavior between
synchronization with the music and generation of musicdhe rhythm level and melody level.
expressions, such as dancing or playing a musical instrumentSince most conventional music robots have focused on
Many instrument-performing robots such as those presentéte rhythm level, their musical expressions are limited to

repetitive or random expressions such as drumming, shakin
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| Incremental audio input | [ Scorcinput | synthesize audio signals without delay, they only report the

i ﬁ current score position without any prediction.
M Another score following method [11] uses a hybrid HMM
[ \/ ) and semi-Markov chain model to predict the duration of each
Short Time Harmonic musical note. However, this method reports the most likely
Fourier Transform Gaussian Mixture score position whether it is reliable or not. Our idea is that
Chromavector Chroma vector using an estimation confidence of the score position to switch
extraction extraction between behaviors would make the robot more intelligent in

Particle Filter the music interaction.

2 s 2 Our method is an extension of the particle filter-based
Score position (Melody level) Estimation score following [12] that is apt to fail when the tempo is
Tempo (Rhythm level) |-J;> confidence misestimated. We use a prior tempo information specified
I J by the score to stabilize the tempo estimation.
Score position + Tempo or Tempo B. Problem Statement

The problem is specified as follows:

Fig. 2. Two-level synchronization architecture

Input: incremental audio signal and the corresponding

. . . . musical score,
corresponding MIDI signalslf we stick to MIDI signals, Output: predicted scorgosition, or the tempo

we Woulq have tp dgvelo_p a conversion syst_em that can takeAssumption: the tempo is provided by the musical
any musical audio signal including singing voices and change score with a margin of error
them into MIDI representations. '

An incremental audio to score alignment [4] i§ introducedrhe issues are (1) simultaneous estimation of the score
for the melody level for t.he purpose qfarobot singer [5]', buyBosition and tempaand (2) the design of the estimation
this method won't work if the robot fails to track the mus'calconﬁdence. Generally, the tempo given by the score and

Score. The important principle in designing a co-player rOb%e actual tempo in the human performance is different
is to accept the score follower’s errors and to try to recovepgartly due to the preference or interpretation of the song,

from them to make ensemble performances more stable. r partly due to the temporal fluctuation in the performance.

TPIS patpe:h prt?;er;ts ? chr? fqllowmg ?.Iglong]tm tga'rc;herefore, some margin of error should be assumed in the
conforms o the two-level model using a particie niter [ ]'t mpo information. In Section 1V-B several values of the
Our method estimates the score position for the melody lev argin are tested

and tempo (speed of the music) for the rhythm level. The We model this simultaneous estimation as a state-space

:ﬁllab;htg (;f”?the dsict?irlf [t)ioilnc:(r;r:astlmartmn 'Sige:]er_r”;:nedvrlfn}nodel and obtain the solution with a particle filter. The
€ probabifity distribution ot In€ Score postlion. Thus, WhelL, 4o fijter approximates the simultaneous distribution of

Fhe estimatiqn of the score position is unreliable, only eMPQcore position and tempo by the density of particles with a

1S reporileq |nhord?rr] to ptr_evetrjt th_e ro:?o;t)lfror_:l perfotrm,'{ﬂ%tate transition model and an observation model. With incre-
Incorrec y_,t_w en the estimation 1S reliable, 1t reports Mg, antal audio input, the particle filter updates the distribution

score position. and estimates the score position and tempo. The reliability
Il. REQUIREMENTS INSCOREFOLLOWING FORMUSIC is determined from the probability distribution. Figure 2

RoBOTS outlines our method. The particle filter outputs three types

Music robots have to not onlfollow the music but also of information: the predicted score position, tempo, and esti-

predict coming musical notes. This is because a music robggation confidence. According to the estimation confidence,
cannot present a musical expression without any delay whi}f System reports either the score position or the tempo.

it detects the current position in the score. For example, |||. SCOREFOLLOWING USING PARTICLE FILTER
Murata et al. [7] reports that it takes around 200 (ms) to . . )
S : . Co . ._A. Overview of Particle Filter
generate a singing voice using singing voice synthesizer
VOCALOID [8]. This is also the case with humans; it LetXs; be the amplitude of the input audio signal in the
takes around 200 (ms) to respond to something one heali§1e frequency domain with frequency bfnand timet, and
Therefore, a robot for our purpose needs the Capabmty ﬂgt k be the score frame. The score is divided into frames
predict future musical events at least 200 (ms) in advanceSuch that the length of a quarter note equals to 12 frames
. to account for the resolution of sixteenth-note and triplets.

A. State-of-the-art Score Following Systems Musical notesng = [ni...n%]T are placed at framk, andry

Most conventional score following methods are based os the number of musical notes. Each partiplehas score
either dynamic time warping (DTW) [9] or hidden Markov position, beat interval, and weighp; = (Ri76i,wi), and N
model (HMM) [10]. The target of these systems are a MIDIis the number of particles, i.e.,4i < N. The unit fork;
based automatic accompaniments. Since MIDI systems cana beat (the quarter note position), and the unittors
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Fig. 3. Overview of the Score Following using Particle Filter

seconds per beat. Although the actual score positibis a where the variance for the beat interval transitiaﬁ is
discrete in steps of 1/12, the value held by the parti&les empirically set to 0.2. These probabilities are used for the
is continuous. weight calculation in Eqg. (7).

At every AT time, the following procedure is carried ) ) )
out: (1) state transition, (2) observation, (3) resampling, arfd- Observation Model and Weight Calculation
then estimation of the tempo and the score position. Figure 3 At time t, a spectrogranX; = [X; ¢](t—L < T <t) is used
illustrates these steps. The size of each particle represefdsthe weight calculation. The weight of each partisiel <
its weight. After the resampling step, the weights of all <N is calculated as:

articles are set to be equal. Each procedure is described N T
ipn the following subsectiogs. P p(xt|bi’k‘)p(bi’1<‘|bi0|dkipld)

q(b|X;,b%) ’

B. State Transition Model o .
The beat interval is sampled from the proposal distributioWhere p(b ’_ki|bi°|dk|pld) is defined in Eq. (6) and(b[X;,b®)
q(b|X;,b%) that consists of normalized cross correlation of af$ defined in Eq.(2). The observation probabilftyX:|bi, k)
audio spectrograrX; and the window function derived from Consists of three parts as
S 1 i ~ 1
the tempob® provided by the musical score. p(Xe|bik) O W WP x i 8)

b~ X, b° 1 . :
~E' a(bix, b), o (1) The two weights, the chroma vector weigh" and spec-
q(b[Xe,b%) O R(bXe) x Y(b|b°). () trogram weightw’’, are measures of pitch information.
The audio spectrogram is denoted My = [X; ], where The weightw! is a measure of temporal information. We
t—L <7<t and L denotes the window length of the use both the chroma vector similarity and the spectrogram

spectrogram. The normalized cross correlation is defined &#nilarity to estimate the score position because they have

)

t a complementary relationship. A chroma vector has 12
Z ZXfJXf’r_b elements corresponding to the pitch na@eCt, ...,B. This
=L is a good feature for audio-to-score matching because the

R(bX) = R R G chroma vector is easily derived from both the audio signal
Z foZT Z foZT_b and the musical score. However, the elements of a chroma
=L T L ’ 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.
w(bled) { 1 160/b—60 /b3 <W ) To match the spectrograis r, wheret —L < 1 <t, the
0 otherwise ’ audio sequence is aligned with the corresponding score for

whereW is the width of the window in beats per minute®ach particle, as shown in Figure 4. Each frame of the
(bpm). A beat intervab (sec) is converted into a tempo valueSPectrogram at time is assigned to the score frarkpthat
m (bpm) by the equatiom = 60/b. Eq. (4) limits the beat IS discrete at 1/1_2 interval using the estimated score position
interval value of particles so as not to miss the score positidh @nd the beat interval (temp@) as:

by a falut tempo estimation. The score position is sampled i 1 A A

from the normal distribution whose mean value is obtained ke = 1—2L12>< (k = (t—1)/bi) +0.5], ©)

by adding an offset corresponding to the beat intebyab
the previous score position.

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

where |x] is the floor function.

N R R The sequence of chroma vectafsis calculated from the
ki~ A (KK AT /b, 0P), (5)  spectrumX; using 12 types of band-pass filters for each
glement [13]. The value of each element in the score chroma

wherekd!d is the previous score position, and the varianc : :
. P P vectorcﬁi is 1 when the score has a corresponding note, and

o is empirically set to 1.

State transition probabilities are defined as follows: O otherwise. The chroma weight" is calculated as:
A Ik |pold fold t
B KIB" K I)d 2 ~rold £ 2 wih = ! CT Cps (10)
:‘/V(bl‘b? aab) X'/V(ki‘kf) +AT/bi70-k)a (6) Lfrm T=—L T
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Fig. 5. Relationship between estimation error (top) and variance (bottom).

where L, is the number of audio frames equivalent to
L (sec). Both vectordfcd and c; are normalized before
applying them to Eq. (10). '+ HeTE
The spectrogram weight®® is derived from the Kullback- distribution:

A particle p is drawn independentlyN times from the

Leibler divergence with regard to the shape of spectrum P(p=p) = Wi . (16)
between the audio and the score. SN oW
WiSF’ - (1+ D!"—)exp(—D}“—), (11) A set of resampled particles that have the equal weight
1t X approximate the distribution of the current score position.
DiK'- = T Z fovrlog SALLLEN (12)  After N particles are resampled, the beat interval, equivalent
frm r=EL Xt ke to the tempob and the score positiok are estimated by

oaveraging the values that densely distributed particles hold.
tHehen, the score positioAT ahead in timekP'edis predicted
by the following equation:

whereDKL in Eq. (12) is the dissimilarity between the audi
and score spectrograms. Before calculating Eq. (12),
spectrum is normalized such that; Xi: = 3¢ X; 4 = 1.
The positive valueDK- is mapped to the weight/’P by kPed  — kAT /b. (17)
Eq. (12) where the range off” is between 0 and 1. For

the calculation ofw™, the spectrunX; i is generated from E. Initial Probability Distribution

the musical score by using the harmonic gaussian mixture The initial particles are set as follows: (1) dréwsamples

model (GMM), the first term in Eq. (13). of the beat intervalb; value from a uniform distribution
. i G ranging fromb®>—60MW to b*+60MW where W is the
Xeg = Z > h(g)N(f:anfkri,Uz)JrC(f), (13)  window width in Eq. (4). (2) Set the score position of each
r=1g=1 particle ki to 0. The bpmx (beat/min) is converted into
C(f) = Aexp(—af). (14)  the corresponding beat interval (sec) with the equation
b=60/x

In Eq. (13), g is the harmonic indexG is the number

of harmonics, anch(g) is the height of each harmonics. ¢ E«timation Confidence of Score Following
Fv . is the fundamental frequency of notg ; and the

vakrrianceaz. The parameters are empirically set &s= 10,

h(g) =0.29, 02 = 0.8. To avoid zero divides in Eq. (12),

pink noise is added to the score spectrogram (Eq. (I4)). - 2

is a constant that makes the power of the pink noise 5% Sz(t) - i; (k‘ _“) /N, (18)

of that of the harmonic GMMa is determined such that R A

log,o(C(f +Af)/C(f)) = —0.6, whereAf is the number of wherek; comes from Eq. (5) angk is the mean ok;,1 <

frequency bins corresponding to 1000 (Hz). i <N. In general, the high variance means that particles are
The weightw! is the measure of the beat interval andwidely distributed over the score. The relationship between

obtained from the normalized cross correlation of the spethe variance and the estimation error is shown in Figure 5.

trogram through a shift b¥;: The estimation error is defined as Eq. (21). The variance

tends to increase faster when the cumulative error grows

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

w = R(,X), (15) larger around 35-40 (sec) in Figure 5. A rapid drop in
where R(Bi,xt) is defined in Eq. (3). variance means the majority of particles converge to a certain
) ) score position. If the particles converges to a correct score
D. Resampling Based on the Weights position, the variance remains stable. On the other hand, if

After calculating the weight of all particles, the particlesthe particles move to the wrong score position, the variance
are resampled. In this procedure, particles with a large weightarts soaring again.
are selected many times, whereas those with a small weightSwitching between the melody level and rhythm level is
are discarded because their score position is unreliabkarried out as follows:
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1) First, the system reports the score position and tF
tempo.
2) If Eq. (19) is satisfied, the system switches to the

=
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,
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rhythm level and stops reporting the score position. ro % ° 0 % ? % % ® o

3) After a drop in the variance described in Eg. (20) 1ol % ({) %) + % % ({) ;¥ {)
and if Eq. (19) remains unsatisfied for the subsequel
IAT, the system switches back to the melody level an 4 e s 10 12 1 15 15 20
resumes reporting the estimated score position. Song ID

_ _ inc Fig. 6. Mean prediction errors in our method and Antescofo
Sz(t) 52(t IAT) > yl I (19) the number ofparticlesN is 500
L) —L(t—IAT) < —yieq (20)  the width of the tempo window is 15 (bpm)

These parameters are set hs: 5, y"° = 4= 4,
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IV. EXPERIMENTAL EVALUATION

This section presents the prediction error of the scor
following in various conditions: (1) comparisons with An-
tescofo [14], (2) the effect of two-level synchronization, (3) ‘ ‘ ‘
the effect of the number of particlés, and (4) the effect of T 4 6 s
the width of window functiorW in Eq. (4).

Q )
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——

Mean prediction error (sec)

'
=~
T T

18 20

10
Song ID

. | Fig. 7. Mean prediction errors in the melody level and both levels
A. Experimental Setup the number oparticlesN is 500

Our system was implemented in C++ on a MacOSxhe Width of the tempo windoV is 15 (bpm)
with an Intel Core2 Duo processor. We used 20 jazz songs
from the RWC Music Database [15] listed in Table II.B
The sampling rate was 44100 (Hz) and Fourier transform-
was executed with a 2048 (pt) window length and 441 (pt) At AT intervals, our system predicts the score position

window shift. The parameter settings are listed in Table 1. k(t +AT) when the current time i& Let s(k) be the ground
truth time at beak in the music.s(k) is defined for positive

continuousk by linear interpolation of musical event times.
The prediction erroeP®d(t) is defined as:

Score Following Error

TABLE |
PARAMETER SETTINGS

Denotation [ Value epred(t) t+AT —s(k(t +AT)). (21)
Look-ahead time AT 1 (sec)

Window length L 25 (sec) PositiveeP™®d(t) means the estimated score position is ahead
Score position variance o | 1 (beaf) of the true position.

Beat duration variance of | 0.2 (se€/beat)

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 partiche$s 500 and the width
of the tempo windowV corresponds to 15 (bpm). The com-
parison between our method in blue plots and Antescofo [14]

TABLE I
SONGSUSED FOR THE EXPERIMENTS

Song ID | File name | Tempo (bpm)[ Instrument$ in red plots. The mean values of our method is calculated by
1 RM-J001 150 Pf averaging all prediction errors both on the rhythm level and
2 RM-JOO3 98 Pt on the melody level. This is because Figure 6 is intended to
3 RM-J004 145 Pf th ticle filter-based followi laorith
7 RM-JOO5 113 B compare the particle filter-based score following algorithm
5 RM-J006 163 Gt with HMM-based one. Our method reports less mean error
6 RM-J007 78 Gt values for 16 our of 20 songs than existing score following
; Smjgﬂ gg \(itb — algorithm Antescofo.

9 RM-J013 88 Vib & PF There can be observed striking errors in songs ID 6-14.
10 RM-J015 118 Pf& Bs Main reasons are two-fold: (1) In songs ID 6-10, a guitar
11 RM-J016 198 Pf, Bs & Dr or multiple instruments are used. Among their polyphonic
12 RM-J021 200 Pf, Bs, Tp & Dr d ical not d that th di
13 RNVI-J023 a1 BT Bs Sax & Dr sounds, some musical notes sound so vague that the audio
14 RM-J033 70 Pf, Bs, Fl & Dr spectrogram is different from the GMM-based spectrogram
15 RM-J037 214 Pf, Bs, Vo & Dr generated by Eq. (13). (2) On top of the first reason, temporal
16 RM-J038 125 Pf, Bs, Gt, Tp & Dr etc. ; ; ; _
- AETOT e PT-Bs-GL-Kb & D etc fluctuation is observed in songs ID 11-14. These two factors
18 RM-J047 122 Kb, Bs, Gt & Dr 1 N : : b\

P> abbreviations: PfRiano, Gt=Guitar, Vib=Vibraphone, B®ass,
19 RM-J048 113 Pf, Bs, Gt, Kb & Dr etc. Dr=Drums, Tp=Trumpet, Sax-Saxophone, FlElute, Vo=Vocal,
20 RM-J050 157 Kb, Bs, Sax & Dr Kb=Keyboard
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5 9 o ID: 4 in Eq. (2).
° 5 o ID: 8
§ =25 o ID: 13 V. DISCUSSION ANDFUTURE WORK
§ 5-2.(5) ® ? ¢ % Experimental results show that the score following perfor-
% 7f§ ‘}’ {5 % mance varies with the music played. Needless to say, a music
& -0 300 500 ‘ 1000 robot hears a mixture of musical audio signals and its own
Number or particles singing voice or instrumental performance. Some musical
robots [5], [7], [16] use self-generating sound cancellation
Fig. 8. Number of particled vs prediction errors [17] from a mixture of sounds. Our score following should
5 712 o ID: 4 be tested with such a cancellation because the performance
s 5 ° ID:8 of score following may deteriorate if such a cancellation is
E 525 © ID: 13 used.
=8 0rd o o} o . TS
§%5 { The design of the two-level synchronization is intended to
% 7j§ } % H H improve existing methods reported in the literature. Some
g 10 s 30 15 of the existing beat tracking [7] and score following [5]
Window width (bpm) methods are not robust against temporal fluctuations in the
performance. This is similar to the case of spoken dialogue
Fig. 9. Window widthW vs prediction errors 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
lead score following algorithms to fail to track a musical synchronization to make score following usable for co-player
audio signal. robots. The next step to enrich the score following is a

b) The effect of two-level switchingFigure 7 shows recovery mechanism that occurs when the score position is
the errors in only the melody level and both the melodyost. When human musicians miss the score position, they try
and the rhythm level. The effect of 2-level synchronizationo recover the error by looking for landmarks ahead such as
is outstanding in songs ID 6-14. The errors in these son@ise beginning of a chorus part. Once landmarks are automat-
are more than the other songs as in Figure 6. Therefore, th@lly extracted from the musical score and are detected in
particles are tend to spread over the score position dimensigie audio signal, music robots can recover to the landmarks
and lead the variance to increase. This is why our two-levely distributing enough particles at the detected landmarks.
synchronization strategy is very effective for these songs. For this recovery mechanism, automatic extraction of these

c¢) Prediction error vs the number of particleBigure 8 landmarks from the score and the landmark detection from
shows the mean prediction errors for various numbers dfie audio should be realized.
particlesN. Three songs were chosen for the comparison We are currently developing ensemble robots with a
songs ID 4, 8, 13. The window widtV is fixed to 15 human flutist. The human flutist leads the ensemble, and
(bpm). When the number of particles increases in tracking singer and thereminist robot follows [19]. The two-level
a low-error song ID 4, the error is slightly alleviated. Onsynchronization approach benefits this ensemble as follows:
the other hand, when the number increases in tracking ahen the score position is uncertain, the robot starts scatting
errorful songs like ID 8 or 13, an increase in the numbethe beats, or faces downward and sings in a low voice; when
does not contribute to the reduction of mean errors. Thigie robot is aware of the part of the song, it faces up and
result indicates that these errors are caused by other reaspnrssents a loud and confident voice. This posture-based voice
such as mismatch between the audio and the score in thentrol is attained through the voice manipulation system
observation step instead of the number of particles. [20].

d) Prediction error vs the width of the tempo window: Our score following using the particle filter should also
Figure 9 shows the mean prediction errors for varioube able to improve an instrument-playing robot. In fact,
widths of tempo windowW. In this experimentW is set the theremin player robot moves its arms to determine the
to 15,30,and45 (bpm). To simulate the situation that thepitch and the volume of theremin. Therefore, the prediction
given tempo is different from the performancehiasedcase mechanism enables the robot to play the instrument in
is also tested. In this cas®y is set to 15 and the tempo synchronization with the human performance. In addition,
given by the score is biased by 15 (bpm). Therefore, th®@ multimodal ensemble system using a camera [21] can
true tempo is located at the edge of the window functiobe naturally aggregated with our particle-filter-based score
is Eg. (4). Intuitively, the narrower the width is, the closerfollowing system. This is because the flexible framework
to zero the error value should be because the chance aif the particle filter facilitates aggregation of multimodal
choosing a wrong tempo will be reduced. However, almoshformation sources [22].
the same results are obtained for vari®sand even in the
biased case. This is because peaks in the normalized cross
correlation in Eq. (3) are sufficiently striking to choose an This paper presented a score following system based on
appropriate beat interval value from the proposal distributioa particle filter to attain the two-stage synchronization for

VI. CONCLUSION
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interactive music robots that presents musical expressions[#&] R. Takeda, K. Nakadai, K. Komatani, T. Ogata, and H. G. Okuno.

two-level synchronization is performed at the rhythm leve
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 tHél

feasibility of the system. The future work includes develop-

ment of interactive ensemble robots, and it will be reporteflo]

in the near future.
ACKNOWLEDGMENT

This research was supported in part by Kyoto Universityg

Global COE, in part by JSPS Grant-in-Aid for Scientific

Research (S) 19100003, and in part by a Grant-in-Aid for

Scientific Research on Innovative Areas (No. 22118503}1)

from the MEXT, Japan.

REFERENCES

A. Alford, S. Northrup, K. Kawamura, K-W. Chan, and J. Barile. A
music playing robot. IFFSR 99, pages 29-31, 1999.

(1]

[2]
Playing Robot - Bowing by Anthropomorphic Robot Arm and Sound
Analysis -. InProc. of IEEE International Conference on Robot and
Human Interactive Communication, pages 763-768, 2007.

G. Weinberg and S. Driscoll. Toward Robotic Musiciansi@mmputer
Music Journal, 30(4):28-45, 2006.

(3]
(4]
(5]

Accompaniment.Comm. ACM, 49(8):38-43, 2006.

[22

K. Shibuya, S. Matsuda, and A. Takahara. Toward Developing a Violin

R. Dannenberg and C. Raphael. Music Score Alignment and Computer

T. Otsuka, K. Nakadai, Toru Takahashi, K. Komatani, T. Ogata, and

H. G. Okuno. Incremental Polyphonic Audio to Score Alignment using

Beat Tracking for Singer Robots. Froc. of IEEE/RSJ International

Conference on Intelligent Robots and Systems, pages 2289-2296,

2009.

[6] M. Arulampalam, S. Maskell, N. Gordon, and T. Clapp. A Tutorial on

Particle Filters for Online Nonlinear/Non-Gaussian Bayesian Tracking.

IEEE Transactions on Signal Proc., 50(2):174-189, 2002.

[7] K. Murata, K. Nakadai, K. Yoshii, R. Takeda, T. Torii, H. G. Okuno,

Y. Hasegawa, and H. Tsujino. A Robot Uses Its Own Microphone to

Synchronize Its Steps to Musical Beats While Scatting and Singing.

In Proc. of IEEE/RSJ International Conference on Intelligent Robots

and Systems, pages 2459-2464, 2008.
(8]
thesizer based on sample concatenationProc. of INTERSPEECH,
pages 4010-4011, 2007.
S. Dixon. An On-line Time Warping Algorithm for Tracking Musical
Performances. IrProc. of the International Joint Conference on
Artificial Intelligence, pages 1727-1728, 2005.

(9]

[10]
Art and New Developments. IRroc. of International Conference on
New Interfaces for Musical Expression, pages 3641, 2003.

A. Cont. ANTESCOFO: Anticipatory Synchronization and Control of
Interactive Parameters in Computer Music. Rroc. of International
Computer Music Conference, 2008.

(11]

(12]

H. Kenmochi and H. Ohshita. Vocaloid — commercial singing syn-

N. Orio, S. Lemouton, and D. Schwarz. Score Following: State of the

T. Otsuka, K. Nakadai, Toru Takahashi, K. Komatani, T. Ogata, and

H. G. Okuno. Design and Implementation of Two-level Synchroniza-

tion for Interactive Music Robot. IrProc. of Twenty-Fourth AAAI
Conference on Artificial Intelligence, pages 1238-1244, 2010.

M. Goto. A Chorus Section Detection Method for Musical Audio
Signals and Its Application to a Music Listening StationEEE

(13]

Transactions on Audio, Speech and Language Proc., 14(5):1783-1794,

2006.
A. Cont.
Music to Score Alignment.IEEE Transactions on Pattern Analysis
and Machine Intelligence, 32, 2010. to appear.

M. Goto, H. Hashiguchi, T. Nishimura, and R. Oka. RWC Music

[14]

(18]

Database: Music Genre Database and Musical Instrument Sound

Database. IfProc. of International Conference on Music Information
Retrieval, pages 229-230, 2003.
[16]

theremin while listening to the accompanied mudiends in Applied
Intelligent Systemd.NAI 6096:102-112, 2010.

50

A Coupled Duration-Focused Architecture for Realtime

T. Otsuka, K. Nakadai, T. Takahashi, K. Komatani, T. Ogata, and
H. G. Okuno. Music-ensemble robot that is capable of playing the

]

Barge-in-able Robot Audition Based on ICA and Missing Feature
Theory under Semi-Blind Situation. IRroc. of IEEE/RSJ Interna-
tional Conference on Intelligent Robots and Systepages 1718
1723, 2008.

K. Larson and D. Mowatt. Speech Error Correction: The Story of
the Alternatives List. International Journal of Speech Technology,
6(2):183-194, 2003.

A. Lim, T. Mizumoto, L. Cahier, T. Otsuka, T. Takahashi, K. Ko-
matani, T. Ogata, and H. G. Okuno. Robot Musical Accompaniment:
Integrating Audio and Visual Cues for Real-time Synchronization with
a Human Flutist. InProc. of IEEE/RSJ International Conference on
Intelligent Robots and Systent® appear.

T. Otsuka, K. Nakadai, T. Takahashi, K. Komatani, T. Ogata, and H. G.
Okuno. Voice-awareness control for a humanoid robot consistent with
its body posture and movement®ALADYN Journal of Behavioral
Robotics 1(1):80-88, 2010.

D. Overholt, J. Thompson, L. Putnam, B. Bell, J. Kleban, B. Sturm,
and J. Kuchera-Morin. A Multimodal System for Gesture Recognition
in Interactive Music Performanc€omputer Music Journal, 33(4):69—
82, 2009.

K. Nickel, T. Gehrig, R. Stiefelhagen, and J. McDonough.
Joint Particle Filter for Audio-visual Speaker Tracking. Rroc.
of International Conference on Multimodal Interfacgmges 61-68,
2005.

A





