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ABSTRACT

The origin of this paper comes from the collaboration of
the authors on the UPISketch software project (see [1]),
which is a creation of the Iannis Xenakis Center and a de-
scendant of the UPIC project of Xenakis. The software,
created in 2017, allows the user to draw curves which can
be interpreted as musical gestures, acting on elements such
as pitch, time, and timbre. Two fundamental mathematical
tools used in this process are splines, to model graphical
gestures, and cellular automata, to generate musical ges-
tures such as pitch sequences. In this paper we apply both
of these techniques on the “micro-level” to the timbre of
waveforms, using the approach of cycle interpolation. A
waveform is modeled as a sequence of cycles, and each cy-
cle is modeled as a cubic spline curve. The B-spline coef-
ficients of each cycle form a discrete representation, which
can be manipulated through the use of cellular automata.
In this way, key cycles can be generated, and can be in-
terpolated with B-splines to form new and interesting tim-
bres. We illustrate this generation and design of waveforms
in our own software implementation with JUCE, which in
turn will become part of UPISketch.

1. UPISKETCH AND OUR MOTIVATION

In the UPISketch software, sound events are considered
as sequences of musical elements such as: time duration,
loudness or amplitude, pitch or fundamental frequency, and
timbre or waveform. The space of configurations is thus a
set of sequences over an alphabet inspired by those param-
eters. It is straight-forward to give numerical values to the
first two parameters, duration and loudness. The pitch can
also be represented in discrete segments, such as note val-
ues where the pitch is constant, or as continuous curves
representing a glissando or other pitch variation. The no-
tion of timbre, however, is recognized as being much more
complicated. Perception of timbre can be modeled as mul-
tidimensional (see [2] and [3]), and its analysis can be
approached in both time and frequency. In [2] the global
time-envelope as well as spectral parameters such as spec-
tral centroid are described in detail. We will consider some
of these when we discuss our models involving splines and
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cellular automata. One approach to timbre, employed in
many music software systems, is to assign a discrete col-
lection of instrument sounds as available timbres. Another
approach is to use synthesis methods, such as frequency
modulation, to allow timbres to change continuously ac-
cording to various parameters.

Our approach to timbre is both discrete and continuous.
We model approximately periodic waveforms in terms of
cycles, where each cycle is given a discrete representation
as a set of cubic B-spline coefficients. If a sound is to have
a timbre which is somewhat similar to an acoustic instru-
ment, then this should be achievable by a gradual change in
time of the shape of cycles, as can be observed in digital in-
strument sample recordings. A sequence of cycles can be
extracted from a recorded sound, or can be generated by
artificial means. The method of generation we consider in
this paper uses cellular automata, allowing for discrete lo-
cal changes in the B-spline basis coefficients which in turn
can be smoothed, or interpolated, to create more gradual
changes.

2. SPLINE INTERPOLATION

It is worth noting that the choice of modeling signals with
cubic splines, or piecewise polynomials, has a basic effect
on the timbre due to their inherent spectrum. In fact, in-
terpolation with cubic splines can be thought of as a type
of additive synthesis of periodic waveforms which are de-
rived from the square wave. It is well known that the square
wave has Fourier series with harmonic spectral decay 1/n,
and its integral the triangle wave, has spectral decay 1/n2.
(See for example [4] chapter 7.) Repeating this process
we obtain quadratic and cubic periodic waves, with spec-
tral decays 1/n3 and 1/n4. Approximation of an audio
signal with interpolating cubic splines inherits this type of
spectrum, in addition to the modeling of lower frequencies,
such as the fundamental, through the shaping of cycles.

We model short samples of an audio waveform at the level
of one cycle, or period, although we do not impose the
condition that our waveforms are strictly periodic. Further,
we choose to represent each cycle as a C2 interpolating
cubic spline on the interval [0,1] given in terms of a B-
spline basis. Each cycle will be represented by a spline
function f (t) with values in the interval [−1,1]. We will
also assume that the interval [0,1] is evenly partitioned into
k subintervals and that f is a cubic polynomial on each
subintervals. For simplicity, each cycle will be assumed to
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start and end with value 0. It is then natural to use the knot
sequence

t = {t0, . . . , tN}= {0,0,0,0,
1
k

,
2
k

, . . . ,
k−1

k
,1,1,1,1}

with associated B-spline basis:

{B0(t),B1(t), . . . ,Bn−1(t)}.

Each cubic B-spline basis function Bi(t) uses 5 consecu-
tive knot values: ti, . . . , ti+4 and is positive on the interval
of its support: (ti, ti+4). The dimension is n = k + 3 and
thus N = k+ 6. In this way, the spline

f (t) = c0B0(t)+ · · ·+ cn−1Bn−1(t)

will satisfy f (0) = 0 = c0 and f (1) = 0 = cn−1. The re-
maining B-spline coefficients can be considered a discrete
representation of the cycle which can evolve through var-
ious discrete transformations. In some cases, cycle data
may be derived from actual recorded sounds, or audio files,
or cycles may be generated through algorithmic processes,
or synthesis. The spline function f can be evaluated by
nested linear interpolation, or the de Boor Algorithm:

de Boor Algorithm for B-spline evaluation:

First, set c0
i = ci for i = 0, . . . ,n− 1. Next for t ∈ [0,1]

choose J so that t ∈ [tJ , tJ+1). Then for p = 1,2,3, for
i = J−3+ p, . . . ,J, set:

cp
i =

t− ti
ti+3−(p−1)− ti

cp−1
i +

ti+3−(p−1)− t

ti+3−(p−1)− ti
cp−1

i−1

Finally, the output is f (t) = c3
J .

The use of B-splines for audio waveform synthesis occurs
in the work of Nick Collins [5], in which one cycle of the
waveform can be manipulated by the movement of con-
trol points, as well as in the modeling of envelopes for F0
synthesis as in [6]. Collins’ software implementation pro-
vides the user with the ability to modulate the timbre of
the resulting waveform by moving control points. Our ap-
proach is to replace the control by the user of individual
cycles with cellular automata for the generation of key cy-
cles. These key cycles are then interpolated to create “in
between” cycles with B-spline interpolation. This extends
the work in [7], where all key cycles are assumed to come
from an audio signal. As initial input to the CA, we may
also use one cycle from an original audio sample.

Since we may derive a cycle from actual audio data, we
state a few more parameters which determine the model.
It is useful to keep the number of subintervals k constant
throughout a generated sequence of cycles, and to keep the
subintervals of [0,1] of uniform length. Then the dimen-
sion of the vector space V of C2 cubic splines on the se-
quence of subintervals is n = k + 3, with basis given as
above. In order to approximate one cycle of a recorded
audio waveform, we need to have n inputs in the interval
[0,1], which are evenly spaced, according to the Schoen-
berg Whitney Theorem on spline interpolation (see [8]).
So we use the k−1 knot values which occur strictly inside

the interval [0,1], as well as two more values at the mid-
points of the outer two subintervals: 1

2k and 1− 1
2k . These

k+ 1 inputs, together with the end conditions f (0) = 0 =
f (1) will then guarantee a unique solution in V . In figure
1 is an example of interpolating cubic spline to one cycle
of audio data with 330 sample points. The spline, drawn
here in blue, uses n = 60 interpolation points.

Figure 1. Spline interpolation of audio data

An analogy for this type of sound model comes from ani-
mation with key framing. Here, the cycle plays the role of
one frame in animation, where the key frames might come
from an artist’s imaginative drawing, or they might come
from motion capture data. In the same way, one key cy-
cle might come from some idea for the design of timbre,
or it might come from one cycle which is captured from a
particular audio recording. In the previous paper [7] we ex-
plore mostly the latter case, but here we explore the former
case: the design of timbre.

3. CYCLE INTERPOLATION (CI)

As in [7], we use a second set of splines to control the evo-
lution of the cycles between key cycles. We call this set of
splines meta-splines and the set of splines which model in-
dividual cycles cycle-splines. It is reasonable to use the
same types for both sets, for instance C2 cubic splines.
However, for computational speed, especially when there
are many key cycles to interpolate, we may also use piece-
wise linear meta-splines.

An important point, raised by Collins in [5], is that lin-
ear interpolation between spline coefficients can be equiv-
alent to an “audio crossfade”, meaning that the final sam-
ples produced are nothing more than the fade out of one
block of samples while another is faded in. This is a conse-
quence of the simple observation that a linear combination
of B-spline coefficients produces an equivalent linear com-
bination of output values of the spline functions. One way
to avoid this type of crossfade is to supply cycles with an
envelope, which can be as simple as a sequence of scaling
factors for each cycle. Such scaling factors can be derived
from realistic envelopes of actual recorded sounds, or gen-
erated in other ways. Any nonlinear choice of such scale



factors will avoid the case that the resulting cycle interpo-
lation becomes an audio crossfade.

Our synthesis model consists of a sequence of cycles C j,
some of which are key cycles and are generated by some
algorithmic process, and the rest of which are interpolated.
There are two main types of key cycle sequences: regular
and irregular. The regular case places key cycles at regular
time intervals, with a fixed number of intermediate cycles.
The irregular case usually places more key cycles near the
beginning of an audio sequence or waveform, in order to
simulate an instrument sample which begins with an attack
and decay phase. Such irregular sequences of positive in-
tegers can be generated in various ways, for instance with
the classical Fibonacci sequence, or squares, etc.

4. CELLULAR AUTOMATA (CA)

A natural process in music composition is to develop inter-
esting material from a simple element, such as the subject
for a fugue, or a melody or phrase. The idea is to gener-
ate new elements through musical transformations, such as
inversion and transposition. This can be extended further
by using other properties, or musical dimensions, such as
rhythm, pitch, dynamics, and also timbre. Such transfor-
mations of a musical element can be done locally, making
changes to a note based on its neighbors for instance. This
leads naturally to Cellular Automata (CA), which are com-
puted by a local rule.

CA are already present in the UPISketch software, acting
on parameters of pitch and time, as explained in [9], so it
is compelling to extend this action to timbre. CA have also
been used to model timbre in various ways. For exam-
ple, in the work of Miranda ( [10], [11]) 2-dimensional
CA and granular synthesis are used to generate timbres
which follow some of the natural properties of acoustically
generated sounds. Miranda says: ”the cellular automaton
models the way in which most natural sounds produced by
acoustic instruments evolve: they tend to converge from a
wide distribution of their partials to form oscillatory pat-
terns.” The grains which are used as “building blocks” are
typically 30− 40 ms in length. In our work we also use
small segments, or “cycles”, about 1−20 ms of digital au-
dio, represented with a polynomial spline model. The tim-
bre evolves through a sequence of cycles which can be gen-
erated with CA, and which can also progress from chaotic
spectrum (attack phase) to narrower band oscillatory pat-
terns. We focus here on 1-dimensional CA.

We begin our description of CA as a local rule which gen-
erates a sequence of n-dimensional vectors

vk = (c0,c1, . . . ,cn−1).

This means that we generate vectors iteratively according
a function F so that

vk+1 = F(vk)

in some neighborhood Ni of each coordinate ci, for i =
0, . . . ,n− 1. The neighborhood N specifies a set of in-

dices k containing i. For our application to audio cycles,
we suppose that each such vector consists of the B-spline
coefficients for one cycle. In order to render audio samples
from one such cycle, we evaluate the linear combination of
B-splines, the spline function

f (t) = c0B0(t)+ · · ·+ cn−1Bn−1(t)

at each of the sample input values t. A typical case could
be, for instance, a cycle consisting of 100 output samples
generated from a function f (t) with n = 20 cubic B-spline
coefficients, at sample rate 48 kHz, producing a tone with
fundamental frequency 480 Hz.

A simple type of local rule used to define a CA is to av-
erage neighboring values. For example, if we denote the
coordinates of xk+1 as c′i:

c′i =
1
2
(ci + ci−1).

This local rule also can be interpreted as a filter. (To eval-
uate for i = 0 we assume c−1 = 0.) If we apply this local
rule directly to samples, we have a familiar low-pass filter
(transfer function H (z) = 1

2 (1+ z−1)), but if we apply it
to the B-spline coefficients of one cycle the result is slightly
different. The result can be seen through the process of B-
spline evaluation with the de Boor algorithm. With degree
d = 3, each output sample is the result of nested linear
interpolation starting from 4 B-spline coefficients. A delay
by one B-spline coefficient then has the effect of a delay by
one subinterval on the time axis, but only within one cycle.
If the subintervals are evenly spaced, this will in turn have
the effect of a delay by α samples within the cycle, where
α is the number of samples per subinterval, which is not
necessarily an integer. If α is in fact an integer, then this
filter is similar to an inverse comb filter, with magnitude
frequency response having notches at fN

α
(2i+ 1) for inte-

gers i and Nyquist frequency fN . However, since the local
rule is applied one cycle at a time, it does not perform ex-
actly as a filter which is typically applied continuously to
an audio stream.

Next we consider another familiar class of CA called El-
ementary Cellular Automata, which are defined and illus-
trated here [12]. These CA are set up to act on vectors
of 0’s and 1’s, which can be easily adapted to apply to B-
spline coefficients. They are locally defined using one cell
and its two neighbors. The output is 0 or 1 depending on
the binary digits of a positive integer r, with 0 ≤ r ≤ 255.
Let r be written as an 8-digit binary expansion: r7r6 . . .r0
(so that r7 is the binary coefficient of 27) and let the current
vector x be represented as a binary string x0x1 . . .xn−1. In
order to process consecutive triples, also assume we have
x−1 = xn = 0. Then for each cell (or coordinate) xi we
consider the triple xi−1xixi+1 as the binary expansion of an
integer b(i) from 0 to 7. The local rule then assigns the
value rb(i) as the output x′i. Denote this Elementary CA as
ECA(r). We illustrate the local rule for ECA(30) in Table
1. The first row gives the 8 possible triples xi−1xixi+1 and
the second row is the output rb(i).



111 110 101 100 011 010 001 000
0 0 0 1 1 1 1 0

Table 1. local rule for ECA(30)

1
111

11 1
11 1111

11 1 1
11 1111 111

11 1 1 1
11 1111 111111

11 1 111 1
11 1111 11 1 111

11 1 1 1111 11 1
11 1111 11 1 1 1111

11 1 111 11 11 1 1
11 1111 11 111 111 11 111

11 1 1 111 1 111 1 1
11 1111 11 1 1 11111 1111111

11 1 111 1111 1 111 1
11 1111 11 111 11 11 1 111

11 1 1 111 1 11 111 1111 11 1
11 1111 11 1 111111 1 1 111 1111

11 1 111 1111 1111 111 11 1 1

Table 2. output from ECA(30), n = 41

As in [12], we take as initial input sequence to ECA(r), a
vector x of length n odd, with xi = 1 for i = n−1

2 , and xi = 0
otherwise. In Table 2, we use n = 41 and replace 0’s with
spaces for ease of visualization.

We apply ECA(r) to B-spline coefficients ci by multiplica-
tion with a+ bxi for some choice of values a and b with
a+ b = 1. This allows the generation of key cycles which
are derived from a particular fixed cycle C0, with B-spline
coefficients ci, i = 0, . . . ,n− 1. If a = 1 then there is no
change to the cycles. If b = 1 then we have the maxi-
mal change as the B-spline coefficients are turned on or
off according to the value of xi in the sequence. Another
approach is to borrow a sequence of key cycles from a
recorded sound and to apply ECA(r) iterates to this se-
quence. Again, the amount of change to the cycles can be
modified by the choice of a and b. In this way, timbre is
modified through the action of CA on the B-spline coeffi-
cients of cycles. In the next section we see how this notion
of effecting change in other musical elements can also be
described through the action of various CA.

5. MULTIDIMENSIONAL
MUSIC SEQUENCE

In order to describe the action of CA on music sequences,
we begin with the general definition of CA. In general, a
1-D deterministic cellular automaton is described by a
neighbourhood N ⊂ Z, a set A called an alphabet, with
X = AZ, and a transformation F : X →X defined by

its local function f : AN →A by the relation :
F(xxx)i = f

(
(xi+k)k∈N

)
= f

(
xi+k1 , ...,xi+kn

)
.

For 2-D automata, Z must be replaced by Z2, and for 3-D
automata by Z3. A simple but essential CA is called the
shift map acting the following way : ∀xxx ∈AZ : σ(xxx)i =
xi+1. For every CA F we have that F ◦σ = σ◦F . We in-
troduce two automata with N = {0,1}, τ = σ+ id and
∆ = σ− id. The first one is called the Ledrappier automa-
ton and the second one the Vieru automaton. Those two
CA have been widely studied in [13, 14]. fτ(a,b) = a+ b
and f∆(a,b) = b−a.

Next, we define a music sequence as a sequence of sound
events, each of which can be described by pitch α , dura-
tion β , and timbre γ . We restrict here to these parameters
simply to illustrate with a basic example. Each of these el-
ements can be described in an absolute sense, or a relative
sense. For pitch, for instance, the absolute sense could be
given as fundamental frequency in Hz, or as a letter name
such as A4 to indicate fundamental frequency restricted to
the equal temperament system based on A4 = 440 Hz. The
relative sense for pitch describes the interval compared to
the previous pitch, which could be given by a frequency
ratio such as 3

2 , or a musical interval interval name such
as Just Perfect Fifth. In the equal temperament system in-
tervals can be simply indicated as an integer number of
semitones, or if the sequence of pitches is considered un-
der octave equivalence, as integers modulo 12, or Z12. In
a similar way we can express the time values of notes in
absolute or relative time (or duration) since the previoius
note onset. All of these concepts are of course displayed
in traditional music notation. The element of timbre, how-
ever, tends to be treated quite differently. In the broadest
sense, when one scores for orchestra there is a discrete set
of instruments representing different timbres. Also, solo
instruments, such as bowed or plucked strings, have tim-
bre markings such as sul ponticello or sul tasto, indicating
notes to be played near the bridge or over the fingerboard
with the resulting change in timbre. All of these notions of
timbre are typically thought of as absolute, meaning that a
note is either played by a flute or violin, or perhaps a note
is indicated as sul ponticello on a cello. Relative changes
in timbre can often be left up to the performer. With the ap-
proach of CA applied to our spline models, it is possible to
introduce relative changes to timbre both within individual
notes and for a sequence of notes.

Next we present an example of a music sequence based on
relative measure of pitch, rhythm and timbre. For simplic-
ity, we assume a discrete time axis with basic unit of time
given as one eighth note, and we use a binary string to in-
dicate the onset of a note as 1 and the absence of a note,
or silence, as 0. Notes are assumed to be in equal tem-
perament, and intervals between notes are referred to by
number of semitones. To make the rhythmic pattern a bit
more interesting, we introduce the famous Fibonacci word,

tttfib = 0100101001001010010100100101001001. . .

which can be defined recursively by concatenation

Si = Si−1Si−2



with S0 = 0 and S1 = 01. This Fibonacci word is a Stur-
mian sequence, which means that it is aperiodic and bal-
anced (having precisely n+1 distinct factors, or subwords,
of length n for any positive integer n.) Also, let 111 be the
constant sequence of 1’s, so that tttfib+111, with addition mod
2, is the complement to tttfib.

Now we define two music sequences xxx and yyy by first speci-
fying pitch and rhythm. Suppose that the pitch of xxx simply
alternates between C and E four semitones higher. As a
relative pitch sequence we would then have

αxxx = {4,−4,4,−4, . . .}.

Suppose also that the onsets of the notes for xxx are given by
the 1’s in the sequence tttfib +111. Then the relative sequence
of note durations for xxx, in numbers of eighth notes, is

βxxx = {2,1,2,2,1,2, . . .}.

Now suppose that the pitch of yyy simply increases by major
thirds, starting with B[, so that the relative pitch sequence
is

αyyy = {4,4,4, . . .},

and that the onsets for the notes in yyy are given by the se-
quence tttfib. Then the relative sequence of note durations
for yyy is

βyyy = {3,2,3,3,2,3, . . .}.

The sequences x and y are realized on the staff in figure
3, allowing for octave equivalence. In this example we
can think of xxx and yyy as two initial subjects which are then
modified using ∆ and τ to produce (very simple) coun-
tersubjects which enter one measure later in upper part of
the staff. Also note: the starting pitches in each voice are
somewhat arbitrary, the focus being on relative pitch in the
sequences. (See figure 3.)

Next, we need to describe the timbre for xxx and yyy. Suppose
we choose an initial wave form, based on a single cycle C0,
such as the one at the top in figure 4. Such a cycle can be
used with a simple envelope to specify one note at a given
fundamental frequency or pitch. The simplest case would
be to use this one cycle for all the notes in the example,
so that the relative change in timbre is zero, or no change.
This would mean the timbre sequence

γxxx = γyyy = {0,0,0, . . .}.

Can we change the timbre by indicating a single value to
replace 0? Typically timbre is much more complicated, but
to continue this basic example, we could simply adjust one
B-spline coefficient. For example, suppose we adjust cr
for a fixed choice of r, with 0 < r < n−1, by some small
non-zero value. If we continue to do this, making small
changes to cr in the cycle C0 as we progress through the
notes, we will have a sequence of notes with slightly dif-
ferent timbres and also a simple numeric sequence giving
the relative changes in timbre. For example, let’s suppose
that

γxxx = {.01, .01, .01, . . .}

and
γyyy = {−.01,−.01,−.01, . . .}.

Finally, consider the action of ∆ and τ on xxx and yyy. Each
action is applied to α , β and γ , by the local rules:

∆(xxx)i = xxxi+1− xxxi and τ(xxx)i = xxxi + xxxi+1.

When CA are used on various musical elements, the action
splits.

Figure 2. CA action splitting

In the case of pitch, we see that

∆(αxxx) = {−8,8,−8,8, . . .},τ(αxxx) = {0,0,0, . . .},

∆(αyyy) = {0,0,0, . . .}, and τ(αyyy) = {8,8,8, . . .}.

In the case of rhythm, we apply the rule directly to the
binary sequence and use addition mod 2, which gives the
same result for all four:

∆(βxxx) = ∆(βyyy) = τ(βxxx) = τ(βyyy)

= {1,1,0,1,1,1,1,0, . . .}.

In the case of timbre, we have:

∆(γxxx) = {0,0,0, . . .}= ∆(γyyy),

τ(γxxx) = {.02, .02, .02, . . .} and

τ(γyyy) = {−.02,−.02,−.02, . . .}.

The above is illustrated in the following very simple
multidimensional musical fragment in figure 3.

Figure 3. Multidimensional example

6. PROBABILISTIC AND OTHER
TYPES OF CA

We saw in the application of ECA(r) to B-spline coeffi-
cients that it can be useful to choose constants a and b
to form a multiplier other than simply 0 or 1 to produce
changes. This approach can be taken a step further by



introducing random variables into the CA computations,
which are called probabilistic cellular automata. We in-
troduce here the probabilistic versions of ∆ and τ called ∆ε

and τε . The idea is simply to perform the local rule update
with probability 1− ε . For example, the process of updat-
ing the n B-spline coefficients of one cycle now involves
a sequence of flips of a biased coin, with probability of
Heads being 1− ε . For each coefficient, the output will be
determined by the (deterministic) CA if the flip is Heads,
and otherwise the coefficient is not updated. Hence the
number of B-spline coefficients which experience a change
in this process is a binomial random variable.

We can also add small perturbations p to the B-spline coef-
ficients to obtain further probabilistic CA’s. For example,
define ∆ε ,p to have the same function as ∆ε , except that
when the local rule is applied we are also adding a small
value, or perturbation, p to the B-spline coefficient. We
can set p to be constant for a sequence of cycles generated
from this CA, or we could also replace p by Xp, a random
variable with uniform distribtion on the interval [−p, p].
Thus the CA ∆ε ,Xp would have local rule applied to any
B-spline coefficient with probability 1− ε give as:

c′i = ci− ci−1 +Xp

where Xp ∈ [−p, p].

In figure 4 we show the comparison of ∆ and ∆ε applied to
a cycle taken from a guitar pluck recording. Here we use
the value ε = 0.2.

We can also define the automata Γ, similar to τ by

Γ(xxx)i = fΓ(xi−1,xi,xi+1) :=
xi−1 + xi + xi+1

3
.

We describe its action on cells :

Again, Γ behaves as an inverse comb filter on the signal
values generated by the spline function, on the portion of
one cycle which has uniform knot sequence. We illustrate
the differences between Γ and Γε ,Xp on the same initial cy-
cle in figure 5, with values ε = 0.2 and p = 0.3.

Figure 4. One cycle evolving through ∆ and ∆ε

6..1 Cycle Interpolation (CI) Types

A nice model of synthesized sound can be developed from
these ideas. We begin with one cycle C0, perhaps taken
from a recorded sound or generated with sinusoids, or a
particular selection of initial B-spline coefficients. Such a
cycle can be thought of on the level of one grain, in com-
parison to granular synthesis. Next, specify an envelope,
which can also be borrowed from an actual recorded sound,
or can be formed as ADSR or other methods. The wave-
form is then generated from these intial data by the use of
CA and CI. This assumes a choice of the placement of key
cycles (regular or otherwise) with all intermediate cycles
to be generated by CI. Finally, the CI process also involves
the choice of meta-splines, cubic or linear for instance. If
the CA is τ, then the iteration of cycles C j = τ(C j−1).
Thus, the gradual evolution of timbre is formed by both
CA and CI. We will refer to the sequence of cycles gener-
ated by the above method as Type I. As a special case, one
could also apply this method to every cycle of a sequence,
with no CI. In figure 6 cycles 0, 5 and 10 are key cycles,
and the rest use CI with piecewise linear meta-splines. Cy-
cle 0 is taken from an audio sample of a guitar pluck at
roughly A440, and cycles 5 and 10 are iterates of this cy-
cle using the automata Γε defined above.



Figure 5. One cycle evolving through Γ and Γε ,Xp

Figure 6. Type I CA with CI example

6..2 Higher scale action

In the above we have applied the CA as a local rule acting
on one cycle’s B-spline coefficients. We can also instead
apply this local rule across cycles but focusing on one B-
spline coefficient. For instance, the rule to change the ith

B-spline coefficient c j
i of cycle C j could use the triple of

coefficients
c j−1

i , c j
i , c j+1

i .

Doing this for all i = 0, . . . ,n− 1, and j = 1, . . . ,n− 2 we
can modify a sequence of cycles. This can be applied either
to the key cycles, or to an entire sequence of cycles.

This can be interesting to apply to an initial sequence which
was not of Type I. This allows the set of key cycles K now
to be generated by any process, whether they are taken

from various audio samples, or specific basis choices, or
random. Call this intial sequence K0. Then we can iter-
ate the CA to form new sets of key cycles Kr, and in turn
generate new sequences of cycles by CI. A sound sample
generated in this way will be called Type II. As with Type
I, we also have the special case where there is no CI, or
equivalently every cycle is key.

7. CONCLUSIONS

We saw that this work takes its origin from the concrete
context of UPISketch. The CA were already used on pitches
and rhythms to generate new material, starting from an ini-
tial configuration. We presented here an approach to gen-
erate audio signals with evolution of cycles. The method
of combining cellular automata and cycle interpolation is
capable of modeling timbres which are close to realistic
sounds, such as musical instruments, and also designing
new and interesting timbres. We have an implementation,
using JUCE, to illustrate both the graphical and audio ex-
amples discussed in this paper. We are also motivated to
contribute convincing audio examples in the UPISketch
software, showing the design techniques presented in this
paper. Further, this work continues the goal of exhibit-
ing the multi-dimensional action of the CA on musical el-
ements.
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