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We describe a real-time musical agent that generates ar I I I
audio drum-track by concatenating audio segments auto 1 1
matically extracted from pre-existing musical files. The
drum-track can be controlled in real-time by specifying
high-level properties (or constraints) holding on meta-
data automatically extracted from the audio segments. A
constraint-satisfaction mechanism, based on local search ’, ' an I ,’ | “ >
1

| ) v t

selects audio segments that best match those constraints
any time. We report on several drum track audio descrip-

tors designed for the system. We also describe a basic
mecanism for controlling the tradeoff between the agent’s — A
autonomy and reactivity, which we illustrate with exper-
iments made in the context of a virtual duet between the

system and a human pianist.

Figure 1. The drumtrack is produced by concatenating

Keywords: interaction, drumtrack, metadata, constraint gy mpars selected in a database according to their meta-
satisfaction, concatenative synthesis data.

1 INTRODUCTION
State-of-the-art sample-based drum machines (or virtualProgrammers is unp_receder_ned, they offer very little pos-
sibilities for interactive music systems, as proposed e.g.

drumkits) such as Fxpansion’s BFD (BFD, FXpansion ;
Audio UK Ltd, 2003) or Toontrack’s Drumkit From Hell in Rowe (1993). On the one hand, th_e sour}ds_and p"’.lt'
(DFH, 2003) offer drum programmers almost total control terns are mostly undescribed, only using editorial, arbi-

over the sampled sounds that are played, the microphone rr:go?rits?lgﬁﬁ f;'%'ls"\??:tng:eggce ,)pesrcﬁgéuitgé‘%“tl'_'e;w()f
used, the drumkit manufacturer, and even the individual ) 9 ¢ Syncop :

drums and cymbals bing s Lie othersampled n 965 L0 Sourosseripaies o MekPearl .
struments, they benefit from the improvement of digital 9 pping

storage, often offering tens of thousands of sounds fromsical input and the virtual drummer difficult. On the other
tens of different drumkits, recorded by tens of different hand, it is difficult to ad.d new _sounds into the system, In
drummers, each using several velocities for each strokef‘q’rderto adapt to spemf!c musical pontexts._ This typically
They also ship with large libraries of Midi-like drum pat- "/OVes DUYIng expensive, pre-bult extension packs.
terns (or presets, or “grooves”), which can be associated ’ prop P

with one of the very many sets of sounds to give an instant, chine Whose.output can be controlled]n real_—t|me by high-
realistic drumirack. level properties such as energy, density, saliency of drums

: . : or cymbals, etc. We use audio analysis techniques inspired
While the expressive power of such machines for drum by MIR to both gather the sampled material, which is au-
tomatically extracted from pre-existing musical files (e.g
Permission to make digital or hard copies of all or part ofthi drum solo parts in ajazz mp3) and index each sample with
work for personal or classroom use is granted without fee pro acoustic metadata, automatically extracted from the sig-
vided that copies are not made or distributed for profit orcom nal. The typical sample used in the system is a few beats’
mercial advantage and that copies bear this notice and the fu audio extract from a drum part, which correspond to a mu-
citation on the first page. sical bar, and can therefore be looped while preserving a

feeling of steady beat and metric. As seen in Figure 1, the
(©2005 Queen Mary, University of London drumtrack produced by the drummer is a continuous con-



catenation of such bars of drumming which we call here Random Generator | Genetic Search Extractor Builder | Full Auto Extraction |

drumbars We propose a constraint-satisfaction algorithm | continue current search Run New Search | PopulationSize [0 ;
to control the drumtrack’s high-level properties, such as Pause ??“;:;,';“;::jmm:m :
its energy or its continuity, and a real-time mechanism to Pattern | (Testwav)

allow constraints to be modified at any time. |

Our system builds on several prior works. Rhythm is a | smitosaacorsuer | ZESaAHpopURon: o SEEEEHESE .
We”-COVEI'Ed Su bject Of Study in Computer mUSiC_ Bi|meS 2.060662466485936: Square (Sum (MaxPos (Integration (Integration (MiccO (Blackman (Spi (Testwav, 23

1.8843583184380024: Square (Sum (MaxPos (Imeurmmn (Imeuratlon (MfccO (Blackman (Split (Testwav,

(1993) works on transcriptions to study velocity and tim- | [vros21ss14rosss: Sauare sum qwaxos rceo (St (Testwan,

1.403537297449622: Power (Median (SpectralFiatness (Abs (Derivation (HpFilter (Integration (Hann (Split

i ng d eViatiOﬂS I n h uman pe rfO rmance, ai m | n g at bu | | d | n g 1.19456265160524 17: Pawer (Median (SpectralFlatness (Abs (Envelope (Split (Normalize (Testwav), 3971

1.1506631891244412: Square (Median (SpectralFlatness (Abs (Derivation (HpFilter (Integration (Hann (Sg.

maore I’ea| iStiC d rumm aCh | nes. Th ere have bee N NUMeEerouy |v.9s75122657369933: Sum (integration (Variance (Bartlett (Split (Testwav, 2048.0))))) |

0.9552196841778177: Power (Sum (MaxPos (Integration {Integration (MfccO (Blackman (Spiit (Testwav,

attem ptS at gen eratin g interestin g rhyth ms, n otab |y With || [n.9513104501560847: Sum (integration (Variance (Bartiett (Spiit (Testwav, 5.0))))

0.9403756020002306: Square (Log10 (Percentile (Bandwitith (Hann (Split (Testwav, 9.0)), 36.0), 21.0))) |

Genetic Al g orithms (Pach et, 2000; Tokui and Iba, 200 ]_) . | |0.7369887458666938: Log10 (Sum (Sum (SpiitOverlap (Variance (Blackman (Spit (Testwav, 2048.0))), 7:

0.7001278809960897: Log10 (Sum (Sum (Spiit (Variance (Blackman (Split (Testwav, 553.0))), 11132.0))))

On the audiO Side, d rum SOUndS have received recent at: |os116072610884144: lar (MaxPos (Hamming (Spiit (Testwav, 79.0) |

0.639265474016594: Square (Log10 (Percentile (Bandwidth (Hann (Split (Testwav, 3756.0)), 36.0), 21.0)))

tention in the MIR community, to either transcribe drum- | |osszos7oz187639: Power (Median (Spectraifiatness (abs (Emvelope (pit (Normal ngs‘w_a_va,ug_ﬁij '

tracks from polyphonic music (Zils et al., 2002), mea- | PR e

sure similarity between drum patterns (Paulus and Kla- | #eenfz  fereation e il P |

puri, 2002) or classify drum sounds, notably between bass = .

and snare drum (Herrera et al., 2002; Yoshii et al., 2004). =

However, most of the work so far has focused on the tim-

bre of individual drum strokes, rather than on perceptive Figure 2: Screenshot of the EDS system showing the re-

qualities of full drum loops like in this paper. sults of feature discovery for the detection of drum solo
Concatenative synthesis (Lazier and Cook (2003);

Schwarz (2003); Zils and Pachet (2001)) is also gaining

more and more attention in the field of music. Concate- audio classification system developed at Sony CSL.

native synthesis uses a database of samplagits and

a unit selectioralgorithm that finds the sequence ofunits 5 1 Metadata Extraction with EDS

that match best a target sound or phrase. It mainly focuses

on the precise reconstruction of the target, e.g. for iéalis EDS (Extractor Discovery System) (Zils and Pachet,

instrument synthesis. While our work uses the same ba-2004) is a generic scheme for extracting arbitrary high-

sic scheme of concatenating sound samples selected frontevel audio descriptors from audio signals. It is able to

a database, we target an interaction context where theredutomatically produce a fully-fledged audio extractor (an

is no pre-specified target sequence. On this respect, it isexecutable) from a database of labeled audio examples.

more on the side of the automatic sampler described inlt uses a supervised learning approach. Its main charac-

Aucouturier et al. (2004). teristics is that it finds automatically optimal audio fea-
Constraint satisfaction programming (CSP) finally is tures adapted to the problem at work. Descriptors are

a paradigm for solving difficult combinatorial problems, traditionally designed by combining Low-Level Descrip-

particularly in the finite domain. In this paradigm, prob- tors (LLDs) using machine-learning algorithms (see e.g.

lems are represented by variables having a finite set ofScheirer and Slaney (1997)). The key idea of EDS is to

possible values, and constraints represent properti¢s thasubstitute the basic LLDs with arbitrary complex compo-

the values of variables should have in solutions. CSP issitions of signal processing operators: EDS composes au-

a powerful paradigm because it lets the user state prob-tomatically operators to build features as signal process-

lems declaratively by describing a priori the properties of ing functions that are optimal for a given descriptor ex-

its solutions and use general-purpose algorithms to findtraction task. The search for specific features is based on

them. There have been numerous applications of CSP tadenetic programming, a well-known technique for explor-

music, e.g. for automatic generation of playlists of music ing search spaces of function compositions (Koza, 1992).

tittes (Aucouturier and Pachet, 2002), automatic harmo- Resulting features are then fed to a learning model such

nization (Pachet and Roy, 2001) and spatialization (Pa-as @ GMM or SVM to produce a fully-fledged extractor

chet and Delerue, 2000). In Zils and Pachet (2001), we Program.

introduced the concept of musical mosaics (“Musaicing”),

and the idea of using CSP to generate audio sequences 0§ 2 Drum Solo Detection with EDS

sound samples, with high-level constraints holding on the

metadata of the samples. The work presented on this paln order to extract drumbars from music recordings, we

per |S a real t|me |nteract|ve extens|0n Of Musa|c|ng fII’St need the ab|||ty tO detect drum SOIO pal’tS | e. Ses“on

in music where only a drumkit is playing. This is typically

a drum solo in the middle of a jazz piece or shorter drum

2 AUTOMATIC GATHERING AND breaks in a rock or funk song. We model the problem as a

INDEXING OE AUDIO MATERIAL 2 class classification problem. We build a labeled database
of 100 5-second music extracts, the first 50 being pure

This section describes both how drumbars are gathereddrum solo, and the other 50 various extracts of popular
automatically from existing music titles, and how each music, encompassing many different genres (jazz, rock,
drumbar is described with automatically computed meta- heavy metal, classical, folk, electronic), with or without

data. Both steps rely on EDS (Zils and Pachet, 2004), andrums. Figure 2 shows a screenshot of the EDS appli-




Table 1: EDS features for Drum detection

Feature Fitness
square(sum(mazxpos(integration(m fccO(Blackman(split(X,2048)),9))))) | 2.06
power(median(Spectral Flatness(abs(envelope(split(X,2048))))), 5) 1.42
mean(Spectral Spread(Split(X, 2048))) 1.19
sum(variance(split(X, 2048))) 0.96
mean(zer(Split(X,2048)) 0.72
mean(Spectral Flatness(Split(X,2048)) 0.71
mean(Spectral Centroid(Split(X, 2048)) 0.68

cation after a few generations of 50 features and Table
1 shows the top 4 features found by EDS as well as the

results achieved with some common mp7 features (zero-

crossing rate, spectral flatness and SpectralCentroid), fo
comparison. The fithess of the features is computed with
the Fisher criteria. Here are some details about the opera
tors selected by EDS in Table 1:

e split(X,n) does a n-point windowing of the signal.

e integration computes the cumulated sum of a vec-

tor, i.e.yli] = 375 z[j].

mfec0(X, n) computes the n first mel-cepstrum co-
efficients of X, including the Oth order coefficient.

Blackman is a standard Blackman window.

mazxpos returns the index of the maximum value in
a vector.

envelope IS an envelope extractor based on the
Hilbert transform.

Spectral Flatness, Spectral Spread, Spectral
Flatness, Spectral Centroid andzcr are the stan-
dard MP7 operators.

See Zils and Pachet (2004) for more details.

The 4 best features are then fed to a humber of ma-
chine learning algorithms, which are individually opti-
mized over their parameter space (e.g. number of near
est neighbors for a knn classifier). We measure the pre-
cision by using 10-fold cross validation on the training
database. As shown in Table 2, the classification results
are near perfect (at best only one mis-classified instance)
The best model is a k-nn classifier using 2 inverse-distanc
weighted nearest neighbors.

We apply the drum detector on sliding 3-second win-
dows on full songs to segment drum solo parts. For ro-
bustness, we only look for segments corresponding to at
least 3 successive windows classified as drums.

2.3 Segmentation

Once large sections of music which only includes drum
solo are identified, we segment them in 4-beat drumbars
using a stripped-down version of Scheirer (1998). Since
beat tracking on drumtracks is usually a lot easier than
on arbitrarily complex polyphonic audio, we only con-
sider one frequency band [0-400 Hz]. A first pass is done

€,

Table 2: Precision of learning algorithms for Drum detec-

tion

Algorithm Precision
k-Nearest Neighbor 0.99
Support Vector Maching  0.98
i Neural Network 0.98
J48 pruned decision treg¢  0.97
Gaussian Mixture Mode| 0.93

to compute the bpm on 3-second buffers, and a second
pass is done with a beat-tracker tuned on the most repre-
sented tempo found during the first pass in order to local-
ize the beats. Then, a 4-beat-long drumbar is extracted
every beat. Such a method has a number of disadvantages
with respect to the metric of the musical piece. First, this
makes the assumption that the signature of the piece is 4/4,
which is true for a vast majority of popular music pieces,
but may not always be the case. Second, the 1-beat over-
lap of the drumbars extraction breaks the original position
of strong/weak beats. Further analysis is possible to seg-
ment more meaningful drum units, as shown e.g. in Zaa-
nen et al. (2003).

2.4 Metadata Extraction

Once a database of drumbars has been gathered, we in-
dex each sample with perceptually-meaningful metadata.
Again, we use the EDS system to find good specific sig-
nal processing features, and to optimize machine learn-
ing algorithms that use these features. We describe here
4 descriptors relevant for drumbars that we analyzed with
EDS. For each, we give the best feature found by EDS,
and the classification results using 10-fold cross valida-
tion. Each descriptor was trained on the same hand-
labeled database of 75 drumbars extracted from a swing
drumtrack generated by BFD (BFD, FXpansion Audio
UK Ltd, 2003). In order to minimize the labeling effort,
we model each problem as a 3-class classification problem
(low/medium/high). However, these descriptors are intrin
sically continuous, numerical values. Hence, we force the
training to use a 2-nn model for classificattpand re-use

the same model as a regression médelorder to com-
pute the values on the final database.

li.e. a new instance is assigned to the most represented class
among its neighbors

2j.e. the value of a new instance is the weighted mean of its
neighbors values



e Energy : the perceptive energy of the drumbar, inde-
pendent of the RMS volume (all drumbars are RMS-

normalized). The best feature found by EDS

Mean(Log(Var(Split(Deriv(Square(X)),1s))))

1) V1 V2 V3
is consistent with previous studies on a popular mu-
sic database (Zils and Pachet, 2003). This yields a
precision of 0.89.

Figure 3: An incremental CSP with 3 variables and 4 con-
straints.Vj3 is the current variable, anid , 1, are the past
e Onset Density : the sensation of stroke density in variables.

the drumbar. Drum rolls typically include very many

strokes, while some fills may include just a few kicks Q @
and crashes. The best feature found by EDS
\\4&\
length(peaks(rms(hamming(split(X,4096)))))
) Vi || v2 || Vv3 || va

can be interpreted as a rough count of peaks of en-
ergy. The precision of the associated knn classifier is

0.92 Figure 4. The same incremental CSP than in Figure 3,

after the increment operation.

e Presence of drums : the importance of tom and bass
drum strokes as opposed to cymbals and snare drum
Jazz drummers typically use toms to give a ethnic
groove to a song, rather than cymbals and ride which
are typically used for swing. The best feature found
by EDS

Sthe current variable : once a variable is played, its value

cannot be changed (“one can't modify the past”). How-
ever, the choice of the next drumbar is influenced by the

past choices, as constraints holding on the current variabl
may also hold on the past variables. The constraints typi-
. ) . cally hold on metadata of the assigned drumbars, such as

SpectmlDecrease(Demv(Square(Norm(X))()?z) the one described in section 2.4,

To model the passing of time, we introduce the no-

tion of incremenbperation. Each time a value is assigned

e Presence of cymbals : the importance of high- to the current variable, the problem is incremented, i.e.
frequency sounds like cymbals and ride. The best @ new variable is added to the problem. The former cur-

gives a classification precision of 0.84

feature found with EDS rent variable becomes a past variable, and the new variable
represent the next current variable.
division(rms(Ip filter(X, 500, 44100)), rms(X)) Figures 3 and 4 explicit the structure of the problem,
(4) and illustrate the increment operation. In Figure 3, the

is simply the ratio of high frequency energy over the CSP at a given iterationincludesM = 3 variables, one
total energy of the signal. This achieves 0.82 preci- current and 2 past, with some constraints (@end L
sion. circles) holding on them. A value is selected 1@, and
the corresponding audio is scheduled to be played. At the
. . next iterationi + 1, the CSP is incremented, i.e. a new
3 Constraint-Based Concatenative variableV; is added, which becomes the new current vari-
Synthesis able. Note that the scope of the constraints is automati-
cally modified to also hold on the newly added variable.
We will explicit two strategies for such a mechanism in
We define the interactive generation of drumtracks as aSubsection 3.3.2 below.
real-time constraint-satisfaction problem (CSP). At any

3.1 Incremental Real-Time Constraint Satisfaction

time, the next drumbar tq be selected as well asithiat- 3.2 Incremental Adaptive Search
est past drumbars\{ arbitrary, can be as large as— 1)
constitute a sequence wériablesV,,_ s, Vionr+1s - The technigue we propose is based on an adaptation of

V-1, Vn, Whosevaluescan be taken from a finite data- local search techniques to constraint satisfaction, ¢alle
base of N drumbars, called thedlomain Each variable  adaptive search (Codognet and Diaz, 2001). In our con-
V; represents thg” drumbar in the sequence. We call the text, since only one variable can be modified at a time (the
variableV,, corresponding to the next drumbar to be se- current variable), there is no combinatorial explosion of
lected thecurrent variable and theV,,_; for¢ = 1..M the the search space. A complete enumeration of all possible
past variables values for the current variable is only the size of the drum-
The problem is to successively assign values to eachbar database. Adaptive search is mainly targeted at off-
variable so that the resulting sequence satisfies a set ofine problems where all values must be assigned simulta-
constraints defined by the user. The constraints mayneously, and a complet¥? enumeration is intractable,
change at any time, in an asynchronous manner. Obvi-e.g. in playlist generation (Aucouturier and Pachet, 2002)
ously, at any time, the problem can only set the value of However, adaptive search’s formulation of constraints as



simple cost functions is still well suited for our problem
which is clearly over-constrained : it is likely that the eon

straints cannot all be satisfied at the same time. The cost
of a constraint represents "how bad” the constraint is sat-

isfied, for a given assignment of variables.
More precisely, we define:

e the costF'(V;, C) of a given variabld/; with value
X, with respect to a given constrai@t, which rep-
resents "how badly’X; satisfies”'

the costF'(V;) of a given variabld/; with value X;,
which is the weighted sum of its cosEiX V;, C') with
respect to each constraint holding n Each con-

straint has a weight, which enables to balance the
importance of some constraints over some others.

Section 4.2 illustrates the importance of constraint
weighting.

the global problem cost'(C'SP), which is the sum
of the F(V;) for all V; in the problem.

Assigning a new value to the current variable modifies the
costsF'(v,, C;) of all the constraint”; holding onv,,

and in turn modifies all the costg(V;) of all the variables
within the scope of one of several constraiats and fi-
nally the global problem cost(CSP).

The algorithm works as follows:

e Start with an = 1 problem, i.e. one current variable,
and no past.

e Repeat:

— Find the best possible value féf, by trying
successively all the values in the domain, and
select the value that minimizé&(C'SP).

— Assign this value td/,.
— Increment the CSP. (notably= n + 1);

The first step of the repeat loop above may take a lot of
time, depending on the size of the current variable’s do-
main. However, it can be interrupted at any time, to return
the best solutioso far.

3.3 Local and Global Constraints
3.3.1 Constraints as Cost functions

The main interest of this algorithm is that constraints are

simply seen as cost functions, and hence are very easy to

define. For instance, the "all different” constraint stgtin
that all variables should have different values is defined
as follows:
Al DifferentC.cost ()
Return 1 - the nunber of different val ues
in the problemdivided by the size of the
sequence.

More complex constraints can be defined as easily.
For instance,

e distance constraint : forces each variabigm scope
to have values; for which a given numerical meta-
datap(X;) is as close as possible as a target value
p: (e.g. "all these variables should have an energy of

0.1"). The corresponding cost function is defined as
follows :

Di stanceCt. cost ()
Return the nean di stance between the

p(Xi) and p;, i.e. & Zj\igl Ip(Xi) — pef?

continuity constraint : holds on a set of variable
Vi,i = 1..s. It forces each duplet of successive
variables{V;, Vi41} to have valueq X;, X, .} for
which a given numerical metadatehas similar val-
ues{p(X;),p(X;+1)}. The corresponding cost func-
tion can be defined as follows :

ContinuityCt. cost ()

Return the nmean di stance between
al | p(X7) and p(Xi+l)1 i.e.
LM 2 p(Xa) — p(Xig)[?

In practice, the cost functions are implemented more
efficiently, by passing as argument the lastly modified
variable to the cost functions (which in our context, is
always the current variablg,). This information is used

to compute only the differential cost, instead of the whole
cost.

For instance, the cost function of the distance con-
straint can be defined in such a differential way :
Di stanceCt. cost (Vari abl e v)
Returns - (oldcost (M — 1) + |p(Xn) — pe|?)
This saves\] — 1 database accesses to computeiis; ),
and M — 1 substractions and multiplications. Such opti-
mizations are important, as the cost function of each con-
straint is calledV times at each iteration, wheré is the

size of the current variable’s domain.
3.3.2 Local and Global Constraints

In the context of incremental CSP, and for the clarity of
further discussions in section 4.2, we distinguish 2 types
of constraints :

e Local Constraints only hold on the current variable.
They influence the selection of the next drumbar by
only looking at its intrinsic properties, without tak-
ing past values into account. Typically, a distance
constraint is a local constraint.

Global Constraints hold on the current variable plus
some or all of the past variables. They influence the
selection of the best drumbar by also accounting for
the values of the past variables. Typically, a continu-
ity constraint is a global constraint, trying to select

new values so that they are continuous with the past,
already selected values.

Upon increment of the CSP, local and global con-
straints have a different behavior. All local constrairys u
date their scope by removing the previous current variable
(nowwv,,_1), and adding the new current variahig. All
global constraints simply add the newly added variable to

their scope. This mechanismis illustrated in Figures 3 and
4: before the increment, the global constraiitsand G2

hold on{V1, V5, V3} and the local constraints; and L
hold only onV3, which is the current variable. After in-
crement(G; andG, modify their scope to also include the



.. previous segment .. plays current segment... next segment ...

ikl 4. The scheduler sleeps untjl.; — A, havingt;1; =

K ol ysuelathresd t; + d;, whered; is the duration of the audio just
® ® scheduled. This mainly gives the priority back to
8 8i+1 the solver, which keeps scouring the database for the
Rl D next value to be scheduledi ;.
........ G (@ Nt @ e
'@“&_' @T' 5. At any time, the control thread may modify the con-

straints holding on the CSP. This in turn modifies
the values found by the solver, which enables the

Gi" . Ag — NG real-time high-level control of the drummer’s output.
.. keeps solving.. [ g, Such changes can be done manually by a user via
a GUI, or result of the analysis of an interaction, as
® ® l® oot tirend proposed below in Section 4.1.
>

Figure 5: The real-time implementation of the system, us- 4 Experiments
ing 4 concurrent threads. See main text for explanation of4.1  Midi interaction

steps 105, We describe here preliminary experiments in which we

use the drummer agent in interaction with a human player
playing a midi keyboard. We automatically build a data-
base of 150 drumbars extracted from a set of demo songs
recorded with BFD (BFD, FXpansion Audio UK Ltd,
2003), and automatically compute the associated meta-
3.4 Real-time Implementation data (see Section 2.4). The drumtrack is constrained to
o ) ) use only drum samples with a bpm of 120, so that the re-

The real-time implementation of the system (done in Java) sulting concatenation has a steady beat.
uses several concurrent threadssdlyerthread [s givgn The midi performance of the human player is analysed
a CSP, and solv_es it using t_he algorithm descrlbe_d in S€C-n real-time to extract to following information :
tion 3.2. Aaudiothread is in charge of the continuous
playback of the drumtrack, by concatenating the values of e energy : the mean velocity of theot e- on Midi
the successive current variables.séheduletthread iter- messages, computed over 500 ms windows (value
atively queries the solver for the best solution so far and € [0, 127]).
schedules the corresponding audio for playback by the au-
dio thread. Finally, aontrol thread can modify at any
time the constraints holding on the CSP which the solver
is currently working on.

Figure 5 explicits the interactions between the 4 4 pitch : the mean midi pitch of theot e- on Midi
threads. At any time, the audio corresponding to the lat- messages, computed over 500 ms windows (value
est selected drumbar is playing, and a new value must be [0, 1)).

scheduled to immediately start after it finishes at endtime
t;. The three streams of midi metadata are converted us-

ing a transfer function, and sent to the drummer which
1. Attimet; — A, the scheduler wakes up, and asks the modifies its local constraint set accordingly. The drummer
solver for the best value it has found so far for the thus generates a drumtrack by satisfying constraints cre-
current variable, given all the current constraints and ated by analysing the Midi performance. For instance, a
the values of the past variables. The solver replies new Midi energy value modifies a local distance constraint
and increments immediately to start looking for the holding on the drumbars’ energy metadata, i.e. which
next drumbar. forces the energy of the newly selected drumbars to be
as close as possible to the input midi energy. Similarly,
2. The scheduler retrieves the audio corresponding tolow midi pitch can be inverse converted, and mapped to a
the drumbar found at stepl. In the currentimplemen- local constraint holding on the presence of cymbal meta-
tation, this includes reading and decoding a .mp3 file data, so that melodies played on the lower octaves of the
between a start and end date through a local network,midi instrument trigger drum track that use a lot of high
which may take a variable tim®. pitched sounds, and conversely, high pitched melodies
trigger a lot of bass drum and tom sounds. Mappings be-
3. Attimet; — A + 4;, the scheduler thread schedules tween midi performance data and audio drumtrack meta-
the decoded audio for the current drumbar for play- data/constraints can be arbitrary complex. In the current
back at the exact ending timigof the latest drumbar, ————

new current variablé’, while L, and L, now only hold
onVy.

e onset density : the ratio number obt e- on Midi
messages received over 500 ms windows, to a prac-
tical maximum of 10 notés(valuec [0, 1]).

S ; ; ; 3corresponding to one note every 50 ms. Pachet (2002
which is qur_ently being played. The ChOICeZ(S_fIS analysed ShraseéJ played by John I\/)I/cLaughIin said to t()e on)e
made a priori, to ensure that — A +0; < ¢, i.e. of the fastest jazz guitarists and found a minimum inter bnse
A > §;,Vi. Inour currentimplementation, we chose  time of about 60 milliseconds, so this works as a practicatlo

A = 500ms. bound.



energy

system, the mappings are hardcoded, but they could be "} B C D E
modified in real-time. This issue of mapping between
Midi performance and Machine generated music parame- "~
ters is discussed at length in Rowe (1993).

Figure 6 shows both the energy of the midi perfor- w- 1
mance and the energy of the drumtrack generated by the
drummer over time. We observe that the drummer is able
to follow the energy of the performance very finely, with
very small latency (typically the duration of one drumbar),
and a precision which depends on the available energy val-
ues in the database.

energy
o2r Y | 0 ;l
f
k I/

B0 -

\time (s)|

\/’ 1 Figure 7: Drummer behaviour with different rattaf lo-

cal to global weight. (Ay = oo : the drummer reacts
‘ ] immediately. (B =2. (C)r = 1. (D)r = 5. (E)r = 0:
H complete autonomy of the drummer.

| constraint). Figure 7 shows the behaviour of the drummer
/1 subjected to a typical Midi energy input, using different
| time ) ratio between local weight and global weight. With in-
termediate settings, the drummer follows the input energy
while still preserving continuity, thus yielding a more mu-
Figure 6: Energy of the Midi performance (solid line) sical output.
and energy of the drumbars returned by the solver (dashed
line) over time.

|
7

5 Conclusion and Future Work

We described a real-time drummer inspired by Music In-
4.2 Autonomy/Reactivity Trade-off formation Retrieval techniques. It generates an audio
drum-track by concatenating drum segments automati-
cally extracted from pre-existing musical files. The drum-
track can be controlled in real-time by local and global
constraints holding on the metadata of the drumbars, us-
ing a custom constraint satisfaction algorithm based on

. local search. We designed several drum track audio de-
ergy. In our system, we use global constraints to counter-

balance the immediate reactivity created by the local Con_scriptors: drum detection, energy, onset density, prasenc
. . ity i y ,of drums and presence of cymbals. We also reported on
straints. Consider 2 constraints holding on the drumbars

energy: simple experiments made in the context of a virtual duet
' between the system and a human pianist, and show that
¢ a local DistanceConstraint which forces the drum- the weights between local and global constraints can be
track’s energy to match the midi performance’s en- manipulated to control the autonomy/reactivity of the sys-
ergy (as above) tem.
This paper describes a basic mecanism of competitive
local/global constraint satisfaction, which can be exezhd
to support additional metadata, more refined constraints,
These 2 constraints are contradictory: if the performanceand more complex interaction mappings. Audio drumbars
energy suddenly increases, highly energetic drumbars will can be automatically indexed with more advanced rhyth-
have a low cost according to the local distance constraint,mic descriptors, such as syncopation, strong/weak beats,
but a high cost according to the global continuity con- or style (e.g. for jazz drumming : swing, bebop, latin,
straint. On can manipulate the total cost of a drumbar  ethnic, free, etc.). More complex autonomy behaviours
by putting weights on the local and global constraints: can be achieved with additional global constraints, such as
distribution constraints (e.g. “60% of the drumbars should
use a latin pattern”), or sequence constraints (e.g. “a fill
and a variety of behaviours can be achieved ranging be-with a lot of toms every 4 drumbars”). Additional infor-
tween complete reactivity (0-weight on the global con- mation can be extracted from the Midi performance (no-
straint) and complete autonomy (0-weight on the local tably metric analysis to match the audio). Finally, con-

While technically satisfying, such fully reactive behav-
iour is often not suitable in a music interaction context,
in which one wants the interacting agent to have both mu-
sical realism and autonomy. For instance, it may be unre-
alistic to instantly switch from very low to very high en-

e a global ContinuityConstraint, which forces the con-
secutive selected drumbars to have similar energy

cost(xz;) = a.costiocat (i) + B-cost giobal (i) (5)



straints and mappings can also be changed in real-timeFrancois Pachet and Olivier Delerue. On-the-fly multi-

based on the midi analysis.
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