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Harmonic-based analysis and resynthesis of musical instrument tones, for example,
using the phase vocoder method, is a valuable technique, but its data representation is
very large. However, this data set is usually highly redundant. Principal components
analysis (PCA) can be used to encode such data into a smaller set of orthogonal basis
vectors with minimal loss of information. Techniques for applying PCA to such data are
explored, and the aural impact of the method on three tones (cello, trombone, and clarinet)
are studied in two perception experiments. Results show that nearly identical resyntheses
can be produced with a 40—70% data reduction. A preprocessing step called variable-
duration temporal partitioning (VDTP) is introduced, which also affords a natural-sound-

ing method for time expansion and contraction of tones. An extension of the PCA tech-

nique is also introduced that implements a “timbre space,

”

or coordinate system for

interpolation among a group of musical instruments.

0 INTRODUCTION

Harmonic-based analysis and resynthesis (additive
synthesis) of musical instrument tones has been a staple
of timbre research since the 1960s [1]—[3]. It remains
a popular tool for researchers and musicians because of
the good balance it obtains between effective parametri-
zation of timbre features and faithfulness of resynthesis.
Two frequently cited shortcomings of the technique are
its computational costs at resynthesis time and its con-
sumption of computer storage space (usually more than
the raw samples of the original source sound). Advances
in digital signal processing and computer hardware are
gradually improving the former problem [4], [5], and
the outlook for additive synthesis as a practical replace-
ment for the more restrictive control of sampling synthe-
sizers now seems promising. The problem of storing
such a representation in memory remains, however, as

* Manuscript received 1995 February 13; revised 1995
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well as the difficulty of delivering such data to a real-
time algorithm swiftly enough (throughput). An effec-
tive method of keeping additive synthesis data sets as
small as possible is therefore desirable.!

Fig. 1 provides a illustration of the amplitude portion
of an additive synthesis data set, using a small set of
values invented for the purpose of demonstration. We
can observe in these data a feature characteristic of most
additive synthesis data sets, the fact that the amplitude
envelopes are highly correlated. Less easy to appreciate
in this graphic but nonetheless also characteristic is the
correlation of spectra over time, that is, the profile of
amplitudes for the 15 partials at a given point in time
is highly correlated to many other such profiles in the
event. Both kinds of correlations indicate that the data
are highly redundant, that is, that the same information is

! We are assuming here that the advantages of preserving
fundamental representation of additive synthesis outweigh the
fact that a greater data reduction may be achieved with alterna-
tive techniques. i
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represented multiple times in the event with only minor
variations. Attempts to discover just what can be elimi-
nated, while retaining the most desirable aspects of the
sound, has been a focus of a number of research efforts.

1 DATA REDUCTION OF ADDITIVE SYNTHESIS
DATA '

1.1 Previous Research

A number of approaches have been taken to reduce
the size of additive synthesis data sets, although most
of them can be categorized as either envelope-reduction
or wavetable-interpolation techniques. Both approaches
seek to identify where actual values of the original data
can be substituted with much simpler, algorithmically

generated data such that the resulting loss in detail is-

perceptually negligible. Envelope reduction techniques
treat the data as a set of partials with amplitude envel-
opes, and approximate the functions of each partial with
a series of straight lines and break points. Since only
the break points are saved, a great deal of data reduction
is obtained. Pioneering research in this area was done
by Risset and Mathews [6], who demonstrated that a
trumpet tone could be represented in this fashion with
no appreciable loss in quality. Later Grey [7] produced
a large set of very realistic sounding instrument tones
in this manner. However, both projects involved the
fitting of line segments completely “by hand” and trial
and error. Subsequent research has gone in the direction
of seeking a more automated process. Schindler [8] sug-
gested a more hierarchic organization of the problem,
whereas Strawn [9] provided a detailed algorithm. for
arriving at the segments computationally. Charbonneau
[10] suggested a reduction by averaging envelopes to-
gether, whereas Kleczkowski [11] offered a more for-
malized version of a similar idea called group additive
synthesis. Kleczkowski’s idea was further expanded by
Eaglestone and Oates [12] by the addition of hierarchical
clustering analysis on the set of amplitude envelopes.

15 10
Time Frames
Fig. 1. Amplitude portion of additive synthesis data set (artifi-
cially constructed for illustration). Data consist of 15 time-

varying amplitude envelopes, one for each partial, each with
20 time frames. :
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Wavetable-interpolation techniques address the addi-
tive synthesis data from another orientation, viewing the
data as a set of spectral envelopes, one at each time
frame. Here the event is broken up into a series of spec-
tral slices where actual changes can be replaced by
smooth transitions from one spectrum to another. Such
systems are described in brief reports by Sasaki and
Smith [13], Bowler [14], and Schwartz [15], whereas a
more extensive and carefully explored wavetable-inter-
polation scheme is described in Serra, Rubine, and Dan-
nenberg [16], [17]. Horner, Beauchamp, and Haken [18]
present a method of reducing the number of wavetables
by a genetic algorithm.

While some of these methods take into account the
redundancy of the data in the process of selecting what
information to discard, none of them identify or act on
the redundancy in an ideal manner. Principal compo-
nents analysis (PCA), a procedure of multivariate statis-
tics [19], -is a tool that systematically identifies redun-
dancy and offers a method for redistributing the data
such that unnecessary replication is eliminated. In this
paper we describe how PCA can be applied to additive
synthesis data sets to obtain a data reduction in this
manner. We also explore the quality of resynthesis ob-
tainable following such data reduction in two formal
perception experiments, and we note some of the possi-
ble side benefits that PCA offers for timbre researchers.

1.2 Principal Components Analysis

PCA as a statistical technique was first described in
Hotelling [20], who applied it to the scoring of intelli-
gence tests. We shall describe it heuristically here in the
context of additive synthesis data. Details for imple-
menting PCA computationally are given in the Appen-
dix. PCA’s essential task is to reduce a correlated matrix
of data to a set of orthonormal basis functions, which
is done by calculating the eigenvectors of the matrix of
the correlation coefficients of the original data. This
encodes the original data into a form in which the corre-
lated input is redistributed more efficiently into a smaller
number of orthogonally related functions. From this data
set a likeness of the original data can be constructed.
The reconstruction is such that the sum of the mean-
square differences between the original and recon-
structed data set is systematically minimized, meaning
that only a small amount of the original variance is lost.
The amount of variance that can be restored is in inverse
proportion to the amount of data reduction that is
achieved, so a balance may be struck in order to meet
the needs of data reduction and accuracy. .

Consider a spectrotemporal amplitude matrix X, . »y
(1 v consisting of N partials (in columns) and M time
points (in rows). At each time m the N partials can be
considered as the coordinates of a point in N-dimensional
space. Consider all the times m for only three partials
N plotted against each other in a three-dimensional space
U the axes of which we call u;, u,, and u;. As time
progresses, the point will trace out a pattern, and because
the signals are well correlated, this pattern will tend
to concentrate in some particular area. We project this
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pattern onto the original data, that is, for each time m
we calculate (u) * Xp,y ) + (U * Xpmyp) + (U * Xy
3p- This amounts to a rotation of coordinate axes to a
new set of axes Y with columns y,, y,, and y;. If the
rotation is chosen such that the y, axis (which is called
the principal axis) lies in the direction along which most
of the variance in the data matrix is observed, then the
x, signal will contain most of the information about u,,
uy, and u;. The axes are subsequently rotated to yield
¥,, which accounts for the residual variance remaining
from the previous stage; this is continued again for y;.
The three y values eventually account, in decreasing
amounts, for 100% of the variance of X. If X is highly
correlated, then y, will account for a very large propor-
tion of this variance. Consequently, discarding the x,
and x; signals and reconstructing the data set from x,
alone will result in a minimum error with respect to the
original data set. Thus a likeness of the original data is
reproduced from a representation that is a little over one-
third the size of the original data set.

PCA yields two matrices of data, called scores (or
basis vectors) and weights; the scores and the weights
together comprise the principal components (PCs). The
relationship between the scores, weights, and input data
and the values Y, X, and U in the previous explanation
is shown in Fig. 2. The scores are the result of a matrix
multiplication between the input data and the PC
weights. In this example the scores will resemble ampli-
tude trajectories and the weights spectral envelopes. The
weights specify by what magnitudes each of the scores
must be multiplied in order to arrive at the reconstruc-
tion. The principal components are ordered so that the
first captures the largest portion of the variance of the
population of envelope shapes, whereas subsequent
scores capture decreasing amounts of variance. The orig-
inal data are reproduced perfectly only when all principal
components are used (100% of the variance is accounted
for). It is assumed, however, that for additive synthesis

Principal Principal
Components Variates Components
g g T
g S N § SusImsAREEE
E _ 3 ] et o8 ER1E
£ = : X &
Q ¥ >
2 o
®] o

Scores Input Data Weights

Fig. 2. Matrix-algebra illustration of relationship between in-
put data, scores, and weights.
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data sets, less than 100% variance is necessary to make
the tone perceptually indistinguishable from the original,
or at least, to make the differences musically acceptable.
Later in the paper we shall show just how many PCs are
required to achieve these two goals.

At this point it is necessary to introduce a number
of terms, summarized in Table 1, which will be used
throughout the paper. The fact that the additive synthesis
matrix can be in two possible orientations creates two
important possibilities for the way in which PCA is ap-
plied to it. So far we have described additive synthesis
matrices in temporal orientation, that is, N partials in
columns and M time frames in rows, as in the preceding
example. PCA treats the N partial amplitude envelopes
as the variables to be measured, or variates, and their
M time-varying amplitudes as cases, individuals, or ob-
servations on those measures.? PCA gives as output (1)
a set of scores representing the variance of the envelopes
as a set of orthogonally related basis functions, and (2)
a set of weights giving the multiplying factors to shape
the envelopes to the proper spectrum envelope. We call
this temporal PCA. When the PV A3 matrix is in spectral
orientation, on the other hand, the M time frames are
in columns, and their N partial amplitudes are in rows.
Now PCA treats the time frames as the variates and their
partial amplitudes as observations. PCA gives as output
(1) a set of scores representing the variance of the spec-
tral profiles as a set of orthogonally related basis func-
tions, and (2) a set of weights giving the multiplying
factors to shape the spectra to the appropriate amplitude
at each point in time. We call this spectral PCA.

Figs. 3 and 4 illustrate both types of PCA as applied
to the data shown in Fig. 1. The left column of Fig. 3
simply redisplays the amplitude envelopes of each of
the partials (here limited to eight to simplify the illustra-
tion) of the event shown in Fig. 1. To the right of this,
in four columns, are four different reconstructions of
the event employing 1, 2, 3, and 4 principal components,
respectively. We refer to the practice of reconstructing

% The terms variates and observations are in common cur-
rency in statistics as it is practiced in the behavioral sciences.
We adopt them here as a syntax for explaining PCA indepen-
dent of a particular rows and columns orientation. When we
do refer to rows and columns, we follow most statisticians and
software implementations in associating columns with variates
and rows with observations; readers accustomed to the opposite
association should read with caution.

3 PVA is an abbreviation of phase vocoder analysis, a form
of additive synthesis data.

Table 1. Terms used in application of PCA to additive synthesis data.

Input Matrix Columns Rows
PCA input Variates Observations
PVA matrix orientation
Temporal Partials Time frames
Spectral Time frames Partials
Type of PCA

Temporal PCA

(input matrix in temporal orientation)
Spectral PCA

(input matrix in spectral orientation)

envelopes

Scores resemble partial amplitude

Scores resemble spectra

Weights resemble spectra

Weights resemble partial amplitude
envelopes
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a data set from principal components as PC resynthesis.
Above each column are the principal components them-
selves—the scores above and the weights below. The
scores consist of 20 discrete points (the number of time
frames) and the weights comprise eight points (the num-
ber of partials). Consider the first column, the resynthe-
sis with one principal component. The score for this
principal component seems to have captured the two
“bumps” (one near the attack, one near the decay) that
are most apparent in partials 4 through 8. The eight
amplitude envelopes are in fact this shape duplicated
eight times at various magnitudes according to the eight
values given in the weights. We see from the weights
that this shape is only weakly weighted.for partials 1
through 3, but strongly weighted for partials 4 through
8. The score for the second principal component appears
to capture the broader bump (halfway through the tone),
characteristic of partials 1 through 3, and we see from
its weights that it is emphasized for those three partials.
The solution for the second principal component con-
‘'sists, again, of the score duplicated eight times over
according to the magnitude of the weights, but added to
the solution arrived at for the first principal component.
Each successive PC resynthesis is in fact cumulative in
this manner. A given principal component can only be
factored in once all the principal components below it
in number have been factored .in. We see that by the
third PC already the eight partials have come to resemble
the original data set. PCs 3 and 4 add further refine-
ments, perhaps to account for idiosyncrasies of particu-
lar partials. For example, principal component 3 seems
devoted to sharpening up the early spike in partial 5,
whereas principal component 4 seems devoted to putting
an indentation midway through partial 3.

Fig. 4 shows the way PCA is applied to the spectral
orientation of the data set. Again the original data are
shown running down the left column, as a series of
spectral slices over time. Each of four resyntheses, em-
ploying 1, 2, 3, or 4 principal components, is shown in
separate columns to the right. Above this group are the
set of PCs associated with each solution. Each of the
scores has 15 points (the number of partials) whereas

Principal Components
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Fig. 3. Illustration of temporal PCA using data set shown in
Fig. 1.
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each of the weights has 20 points (the number of time
frames). Consider the first column of the four resynthe-
ses, a resynthesis with one principal component. The
score seems to have captured the average spectral shape
of the first five partials or so, and neglected partials six
and above. The 20 spectra of the resynthesis are in fact
this shape duplicated 20 times at various magnitudes ac-
cording to the 20 values given in the weights. We see
from the weights that this shape is strongly weighted at
the beginning one-third of the duration of the event, and
weakly weighted thereafter, reflecting the fact that partials
1 through 5 rise and fall over this time period. The score
for the second principal component appears to capture a
similar trend, but applied to partials 3 through 5, and over
a different time course (that is, an early, broad bump, as
seen in the corresponding weights). The score for PC 3
seems devoted to adjustments to the first and fifth partials
during the attack portion of the tone. We see again that
by the third PC already the 20 partials have come to resem-
ble the original data set.

We note in these illustrations that PCA calls attention
to certain “organizational” features of the tones, which
may be less easy to appreciate in their original additive
synthesis form. For example, Fig. 3 showed that the
event could be characterized by one trend (PC 1) with
narrow bumps at the beginning and end of the tones,
and another trend (PC 2) with a broad bump in the mid-
dle. The correspondence of principle components to such
acoustic features suggests that PCA obtains an analysis
similar to that provided by Kleczkowski [11]. Strictly
speaking, however, the correspondence is fortuitous.
For musical tones containing large amounts of spectro-
temporal flux the principal components will have to ac-
count for the variance of such a large number of features
that its organizational properties will be less easily ap-
preciated by eye.

The value of the PCA procedure as a data-reduction
tool is perhaps best appreciated by viewing the eigen-
values for the two solutions we have just observed (see

Principal Components

Scores ~__ /o \ N —A
Weights ™___ "\ —-"\_—~"—
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Fig. 4. Illustration of spectral PCA using data set shown in
Fig. 1.
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Fig. 5), which show the proportion of variance captured
by each of the principal components. The fact that, in
both, the proportions fall rapidly to small values reflects
the fact that the input data are strongly correlated. Eigen-
values that decreased in a gradual linear fashion, on the
other hand, would indicate little correlation (and thus
little benefit is to be gained by PCA). Both analyses
yield 15 principal components, but show that over 99%
of the variance of the original event is captured with a
representation of roughly one-third the size, that is, the
first five principal components (out of 15). We note that
spectral PCA captures a larger proportion of variance in
the lower numbered principal components. As we shall
see later, we generally find this to be the case with
musical tones.

Both examples considered only the analysis of the
amplitude portion of the additive synthesis data set. In-
cluding the frequency matrix in our analysis regime con-
sists simply of running a separate PCA analysis in paral-
lel with the amplitude analysis (they cannot be combined
into a single analysis). We will discuss the application
of PCA to frequency data later in this paper.

1.3 Previous Uses of PCA

The first application of PCA for audio data reduction
appears to have been by Kramer and Mathews [21], who
applied it to data from a channel vocoder analysis of
speech. A more recent application of PCA for data re-
duction of speech signals is given in Zahorian and Ro-
thenberg [22]. Beyerbach and Nawab [23] describe a
Fourier analysis technique that they term principal short-
term Fourier transform (PSTFT). Stautner [24] describes
an audio analysis system based on critical-band-spaced
auditory filters, which is subsequently data-reduced with
PCA. A technique related to PCA, Gramm-Schmidt
orthogonalization, has been used in adaptive filtering
[25]. Stapleton and Bass [26] modeled musical instru-
ments with another related technique, the Karhu-
nen—Loéve transform, although their approach is differ-
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ent from ours in that they apply it directly to the time-
domain signal rather than a channel-based analysis. PCA
has also been used as a statistical tool for musical re-
search in contexts other than the direct representation of
audio signals, such as in Li, Hughes, and House [27],
Pols, van der Kamp, and Plomp [28], Martens [29], and
Kistler and Wightman [30].

To our knowledge the first study to apply PCA to
musical tones in additive synthesis form is Laughlin and
coworkers [31], [32]. Laughlin applied what we call
temporal PCA to an additive synthesislike data matrix
(peak-picked partials from a short-term Fourier analy-
sis). Of primary interest was his practice of combining
multiple instruments into single analyses by PCA (a
practice we also consider later in this paper), and postu-
lating family membership attributes from an examina-
tion of the principal components. Laughlin also provided
informal evaluations of the quality of tones that were
obtained by PCA resynthesis. Analysis and resynthesis
of trombones and guitars yielded sounds “surprisingly
characteristic of the instruments” [31, p. 86]. For most
other instruments, however, he noted “obvious differ-
ence[s] in sound quality” and that they “tended to lack
subtle attack characteristics of the original digitized
sounds” [31, p. 85]. Piano sounds lacked important de-
cay features, and most wind instruments lack critical
microfluctuations. As Laughlin noted, however, much
of the outcome could be attributed to simplifications his
computing setup obliged him to make in the process of
sampling and analyzing the tones.* Furthermore, Laug-

4 Laughlin’s process of sampling the instruments yielded a
poor signal-to-noise ratio (48 dB). To make the data suffi-
ciently compact for PCA, the spacing between time frames in
the analysis was a rather crude 36 ms, which certainly resulted
in the loss of much perceptually critical timbral detail. For
similar reasons, all instruments were standardized in length
by truncation (hence decays were missing in many cases).
Furthermore, the maximum number of harmonics considered
was 20, which for some of the lowest fundamentals (86 Hz)
resulted in a very narrow frequency range.
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Fig. 5. Eigenvalues for PCA analyses given in Figs. 3 and 4. (a) Temporal PCA. (b) Spectral PCA.
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hlin’s PCA resyntheses never involved more than five
principal components. As the present study will show,
five principal components yield tones that are quite eas-
ily distinguishable from the original tones.

Sandell and Martens [33] reported on a use of PCA
on additive synthesis data sets for data reduction and
timbre interpolation, but this research is more exten-
sively reported in the present paper. More recently,
Horner, Beauchamp, and Haken [18] compared PCA (in
the form that we call spectral PCA) to a genetic algo-
rithm (GA) for spectral matching. They describe a num-
ber of flaws in the sound of PC-resynthesized tones,
although their study reported the use of up to only five
principal components, and employed static frequency
ratios in the frequency portion of the additive synthe-
sis data. '

2 DOWNSAMPLING

We have now introduced the basic features of PCA
and how it may be applied to additive synthesis data.
Real additive synthesis data sets tend to be much larger
than in the illustration shown in Fig. 1. This poses some
problem which we shall now describe, and it motivates
us to do some preprocessing on additive synthesis data
sets which we call downsampling.

The calculation of eigenvectors, which is at the heart
of the PCA procedure, requires the construction of a
square symmetric matrix with as many rows and columns
as the number of variates. Since a sound of only a few
seconds can have several thousand time frames,> for
spectral PCA this matrix may be as large as 20 Mbytes
for a 5-s tone. The recursive nature of the eigenvector
calculation can not only take very long, even on a very
fast computer, but more or less requires that the entire
matrix remain in active memory. With the current mem-
ory capacity of today’s high-performance workstations
tending to be between 16 and 32 Mbytes, this can make
computational demands impractical. It is therefore desir-

able to preprocess the additive synthesis data set prior’

to PC analysis in order to reduce its size.

The goal is to use a method that eliminates any obvi-
ously unnecessary detail, such as identifying places
where actual data can be replaced by algorithmic pro-
cesses, so we can leave PCA the sole task of doing
what it is good at, eliminating redundancy. We began
by applying a simple wavetable-interpolation technique
to the data—selectively removing groups of frames at
points where they could be replaced by interpolation
without noticeable injury to the tone. Recognizing that
the perceptual relevance of spectral change is of course
greatest at attack and decay times and less so during
steady-state portions, our approach consists of sampling
the additive synthesis data more densely during transient
times than steady-state times. To restore the data set to

5 The usual convention in phase vocoder analysis is to have
one time frame for each half-period of the (user-estimated)
fundamental of the tone. Thus a phase vocoder analysis of a
5-s note on the pitch of c4 will yield 7110 frames, for example.
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its original size, for resynthesis we use a cubic spline
between frames. We call the two procedures downsam-
pling and upsampling, respectively.

Specifically the procedure works as follows. Suppose
we have a PVA data set in spectral orientation with 1500
frames, which we want to reduce to 200 partitions. We
find that most instruments require roughly 80 of these
200 partitions to be dedicated to capturing attack tran-
sients at the original PV A frame rate (80 was typical for
many of the tones we studied, but a more suitable num-
ber can be settled upon by examining the tone). During
the relatively slowly varying bulk of the tone, partition
durations gradually increase to a maximum of roughly
24 frames, and then decrease toward the end of the tone
in order to capture the decay at the original frame rate.
All partials are reduced according to the same scheme,
with the break points occurring at the same times. Fig.
6(a) shows the number of additive synthesis time frames
subsumed in each of the partitions, whereas Fig. 6(b)
graphically depicts the temporal mapping of the 200
partitions in units of original additive synthesis time
frames. A more descriptive name for our approach is
variable-duration temporal partitioning (VDTP). In or-
der to shift adownsampled file back to its original tempo-
ral resolution, we use a spline to interpolate the neces-
sary number of points between the amplitude values
from one partition to another for each partial.

We are of course adopting one data-reduction proce-
dure in order to make it possible to investigate another.
This presents no problem so long as we ensure that
appropriate events are being compared at evaluation
time; that is, if PCA is being performed on downsampled
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Fig. 6. Illustration of downsampling.
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data, the perceptual consequences of PCA should be
evaluated with respect to resynthesized downsampled
sounds rather than the original recorded sounds. Second,
to ensure that PCA is being applied to suitably “real”
sounds, we want our downsampling procedure to mini-
mally alter the audio quality of the original recording.
The quality of resynthesized downsampled tones will be
evaluated later in this paper.

3 EVALUATION OF PC-RESYNTHESIZED TONES

3.1 Instruments

Figs. 7 and 8 give the results of our processing on a
musical instrument tone. (The instrument, a cornetto, is
a Renaissance precursor to the trumpet.) Fig. 7 shows
the original amplitude data for the instrument (first 22
partials). It was downsampled and analyzed with PCA,
then reconstructed by PC resynthesis with six principal
components and upsampling. Fig. 8 shows the recon-
struction. For the first nine partials we see that the recon-
struction preserves the shapes quite faithfully, with the

n N 3.

0.0

Time (s)

Fig. 7. Amplitude portion of additive synthesis data set for
cornetto (Renaissance precursor to trumpet).

Time (s)

Fig. 8. Reconstruction of data set in Fig. 7 with six princi-
pal components. .
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exception of the frame-to-frame jitter. For the higher
partials, jitter seems to be the primary attribute in the
original data, and this is lost in the reconstruction. In
addition some of the attributes of the lower partials have
been inaccurately passed on to the reconstruction of the
higher partials. Using more than six principal compo-
nents would restore more of the original detail, but it is
not clear how many are necessary.

We shall now present an evaluation of the aural impact
of PCA processing on the downsampled amplitude por-
tions of additive synthesis data sets. Three digitally sam-
pled musical instrument tones, a cello, a clarinet, and
a trombone, were analyzed by a phase vocoder. The
cello (c3, 1.08 s) was bowed in martelé fashion (swift,
sharp attack); it came from the McGill University Master
Samples Compact Discs [34], vm, 1, track 15, index
14. The clarinet (g5, 0.764 s) was performed by John
Bruce Yeh and recorded at IRCAM. The trombone (Bb3,
0.48 s) performed with a rapid change of a “wah-wah”
mute; it came from the Prosonus Sound Library of com-
pact discs [35], brass volume 1, track 15, index 18.
Samples were converted from their original sampling
rate of 44.1 kHz to 22.05 kHz for analysis. A phase

' vocoder analysis [36], [37] using the software described

in Beauchamp [38] was applied to these samples in order
to put them in additive synthesis form, yielding ampli-
tude and frequency matrices for each. For the cello and
trombone, the first 22 partials of the additive synthesis
data were saved and the rest discarded (meaning a cutoff
frequency of about 5.1 kHz), whereas all partials of the
clarinet were saved (15 partials, cutoff of 11.76 kHz).
Both matrices for each instrument were downsampled,
and the downsampled amplitude data were then analyzed
by the PCA process. For the reconstruction of a tone
from the PCA data, the downsampled data were PCA
resynthesized and then upsampled, whereas the (non-
PCA-processed) downsampled frequency data were sim-
ply upsampled. At this point the full amplitude and fre-
quency spectrotemporal matrices were ready for resyn-
thesis into audio samples.

Our choice of whether to use spectral or temporal
PCA has been guided by the fact that spectral PCA tends
to obtain a more statistically effective reduction for mu-
sical instrument tones than temporal PCA. The number
of principal components necessary to capture 99% (an
arbitrarily selected value) of the variance for the cello,
clarinet, and trombone are 6, 4, and 7 for spectral PCA,
and 16, 13, and 11 for temporal PCA. This suggests
that musical instrument tones are more correlated in
spectrum over time than they are in amplitude shape
across partials, and that they will be more effectively
analyzed by spectral PCA than by temporal PCA. For
this reason we have chosen spectral PCA. But if PCA
is used as a means of studying timbre, one may be inter-
ested in the information one learns from temporal PCA
as well. The question boils down to whether one wants to
observe successive refinements in time or in frequency.

Relatively short durations of tones were selected be-
cause our experiments would be quite long and difficult
if tones of lengthy duration were used. However, we
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have used PCA on numerous tones of greater length
(between 2 and 4 s) and find the results to be as good
as for the short tones discussed here.

3.2 Experiment 1

Al] three instruments were analyzed with a phase vo-
coder, downsampled, analyzed with spectral PCA, re-
constructed at 31 levels of PC resynthesis (1 PC, 2 PCs,
. . ., 31 PCs), upsampled, and resynthesized into mono
sound files with additive synthesis. We wished to see if
PCA-resynthesized tones could produce sounds that
were perceptually identical to their unprocessed counter-
parts, and what number of principal components attained
such success.® In order to test perceptual identity in as
ideal a manner as possible, we used a three-interval,
two-alternative forced-choice paradigm with feedback.
For a given instrument A, the first interval always con-
sisted of A in downsampled resynthesis form. The sec-
ond and third intervals consisted of the same downsam-
pled A, and A resynthesized with a particular number of
PCs. However, the order of the latter two was scrambled
from trial to trial. The subject identified the odd one
out, that is, which of the latter two sounds was different

from the first. Thus the answer was correct if they identi- °

fied the PC-resynthesized tone, incorrect if they identi-
fied the downsampled tone. Intervals were separated
from each other with 500-ms silence.

The sounds were played diotically to listeners using
a Silicon Graphics Indy computer via a pair of Senn-
heiser HD-414 SL headphones inside a IAC sound isola-
tion booth. Subjects faced the Indy display screen
(placed outside the booth and viewed through a win-
dow), which displayed a simulated response box with
response buttons corresponding to the second and third
intervals. Positioned above each of the two response
buttons were lights that flashed in synchrony with the
presentation of the second and third sounds. Listeners
gave their answers by pressing one of the two response
buttons with the computer mouse. After each answer,
the listener was given feedback on the correctness of the
response—a light below the response buttons flashed
green if the answer was correct, red if the answer was
false. All the trials (N = 50) for a particular level of
PC resynthesis were presented in a single block rather
than scrambled together with other levels. By- these
means (feedback and blocking) the listener was able
to- quickly reach maximally correct performance. The
blocks were in no particular order. (For example, the
subject might rate all 50 trials for the clarinet with 10
principal components, followed by all 50 trials for the
clarinet with 2 principal components.) The set of blocks
of trials for each instrument were all presented together.
For example, subjects heard all the clarinet blocks before
going on to the trombone blocks.

6 We reiterate that the PCA resyntheses are of downsampled
tones with limited numbers of harmonics, and in these experi-
ments we compare them to equivalent tones without PCA pro-
cessing. The original recordings of the instruments are not
involved in the experiment.
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Three subjects participated, RH, SH, and SA, all male
and having normal hearing. None were musicians, al-
though RH had training as an audio recording engineer.

Each instrument was downsampled to 200 time
frames. This means that the' number of variates in our
spectral PCA analysis is 200. The maximum number of
principal components that can be employed for clarinet,
trombone, and cello while still achieving a data reduc-
tion relative to the original downsampled data are 12,
19, and 19, respectively.’” For the success of PCA we
hope to find that indistinguishability is achieved with
this number of principal components or fewer.

Fig. 9 shows the results. We regard tones as indistin-
guishable when the proportion of correct values fall
within the area marked off by dotted lines (that is, 50%
* a standard deviation). For the clarinet and cello this
point is obtained just at the border for data reduction
(12 and 19 principal components, respectively), mean-
ing that the amount of data required for resynthesis is
of the same size as the original data. For the trombone
the point is obtained where 50% data reduction can be
achieved. However, we note that for the trombone the
function is not declining steadily, and that for two of
the subjects the tone paradoxically appears to be worse
for a few higher order PC resyntheses.

The sorts of flaws that made the tones identifiable as
resyntheses differed from instrument to instrument and
changed over successive principal components. Gener-
ally the same flaw persisted in the instrument with each
added principal component, becoming increasingly sub-
tle until the flaw could no longer be detected. For the
clarinet a repetitive “popping” sound would occur during
the steady siate. For the cello, a “boing” (similar to the
sound of a spring) would appear for a brief moment
during the decay of the tone. The trombone simply
sounded harsh and distorted at its loudest point. These
observations are consistent with the kinds of flaws noted
by Horner, Beaucﬁamp, and Haken [18].

The results show that only one of the three tones could
meet the requirement of obtaining a resynthesis that was
indistinguishable from its original while still obtaining
a data reduction. We do not find this particularly surpris-
ing since listeners were tested in an unusually ideal lis-
tening situation, uncharacteristic of a reverberant, real-
world musical situation with no feedback on the correct-
ness of answers. In fact, for the higher orders of PC
resynthesis the flaws that enabled detection of a differ-
ence were nearly unnoticeable, and according to sub-
jects’ reports, only through having learned “where to

7 Comparisons between sizes of original data and PCA data
sets (using spectral PCA, and considering just the amplitude
portion) are made using the following formulas. For a given
PCA resynthesis of a tone with NPC principal components,
only a portion of the full PCA data will be required; the number
of values will be 2NO + (NPC * NV) + (NPC * NO), where
NV is the number of variates, and NO the number of observa-
tions. The 2NO term refers to the means and standard devia-
tions of the variates which are required for the reconstruction.
The number of values of the additive synthesis data set is NV
* NO. We assume the storage size of each value (such as float,
double, long integer) to be the same for both data sets.
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look” for them were they able to perform so well. Al-
though an instrument’s characteristic flaw might persist
into the higher numbered PC resyntheses, it shrunk to
a barely detectable level much earlier. From an experi-
mental point of view the sounds were distinguishable,
but from a musical point of view the flaw enabling that
was insignificant. For this reason, a second experiment
was designed to make an evaluation relating more to
real musical criteria.

3.3 Experiment 2

The same stimuli as in experiment 1 were used in a
quality judgment task to discover how many principal
components were necessary to obtain a synthesis without
“noticeable” artifacts. The procedure scrambled trials
and eliminated the feedback procedure that was used in
experiment 1 in order to eliminate some of the cues
that enhanced listener performance. Experiment 2 was
performed six weeks after experiment 1, with the same
three subjects.

For a given instrument A the presentation consisted
of only two intervals. The first interval was always the
downsampled version of A, and the second interval was
a PC resynthesis. Listeners rated the second tone for its
faithfulness according to the following five categories:

1) Identical

2) Suspect a difference

3) Subtle difference (barely noticeable)

4) Difference (but might be tolerable)

5) Serious flaw in tone

On each trial they were told to notice first of all
whether they could detect a difference and to respond
with category 1 if they were certain, with category 2 if
less certain. If they did notice a difference, but it was
subtle to the point where they would have failed to hear
it unless they were “looking for it,” they were to select
category 3. They were encouraged to be conservative in
their criteria for selecting this category. For category
4 an example was given of what would be considered
“tolerable”: if they felt the flaw would be rendered negli-
gible or even undetectable in the context of normal musi-
cal presentation (such as over loudspeakers in a normally
reverberant room). If the flaw was severe enough to
injure the identity of the instrument in any context, they
should answer with category 5.

Each level of PC resynthesis for each instrument was
played and rated a total of 10 times. Instruments were
presented in blocks (all clarinets before any trombones,
and so on), but in contrast to experiment 1, the levels
of PC resynthesis and their 10 repetitions were com-
pletely scrambled.

Fig. 10 shows the results. First note the considerable
agreement among the listeners in spite of the subjectivity
of the rating scale, which strengthens the interpretability
of the categories. Second, by comparing equivalent data
between the two experiments, a decreased sensitivity to
flaws is found in experiment 2, which we attribute to
the absence of both feedback and blocking of levels of
PC resynthesis. For example, the highest order of PC
resynthesis that is distinguishable from its “original” in
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experiment 1 is 19 for cello, 13 for clarinet, and eight
for trombone. In experiment 2 the equivalent PC levels
(the highest order of PC resynthesis for which they were
certain the tones were different, category 3) fall to 14,
11 and three, respectively.

We evaluate the success of PCA as a data-reduction
technique in terms of the amount of data reduction
achieved by the lowest order of principal components
that attains a rating of category 3. With this as our
criterion, PCA is successful at achieving & significant
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Fig. 9. Scores for distinguishing between downsampled/resyn-
thesized tones and various levels of PC resynthesis. Data are
for three listeners (SH, RH, SA). (a) Cello. (b) Clarinet.
(c) Trombone.
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data reduction. Fig. 11 shows for both experiments 1
and 2, averaged over the three listeners, the minimum
number of principal components needed to obtain indis-
tinguishable resyntheses (“diff”) and the quality cat-
egory 3 judgments. Fig. 12 shows the data reduction
achieved for each of these data points. We distinguish
between the contribution of PCA (comparing the size of
the PCA data to the full downsampled data set) and the
contribution of PCA and downsampling together (com-
paring the size of the PCA data to the original data prior
to downsampling). With a distinguishability criterion,
PCA alone achieves a data reduction only for the trom-

Quality category

Quality category

PAPERS

bone, but with a quality criterion, data reduction is
achieved for all three instruments. Taking into account
the contribution of downsampling, data reduction is
achieved for all three instruments using both criteria.®
Ratings of both the quality and the distinguishability
of the downsampled version of the tones (made during
the course of experiments 1 and 2) are given in Fig. 13.
In both cases they were compared to an equivalent tone:
a 15- (clarinet) or 22-partial tone (cello and trombone)
resynthesized from the additive synthesis data set at a
sample rate of 22.05 kHz. Downsampled cello and trom-
bone were indistinguishable from their nondownsampled
counterparts in both experiments. The downsampled
clarinet was distinguishable from its nondownsampled
version, but it did receive a good quality rating.

4 FREQUENCY DATA AND PCA

Thus far we have only considered modeling the ampli-
tude portions of additive synthesis data with PCA and
resynthesizing sounds using the original frequency infor-
mation. Our research efforts have shown that while addi-
tive synthesis frequency data sets survive downsampling
rather well, the frequency data in general (that is,
whether downsampled or not) pose special problems to
our PCA approach. The problem seems to be rapid,
wide frequency excursions with inharmonic ratios when
partial amplitudes are low, or during attack portions of
the tone, and seemingly random and inharmonic microji-
tter (about 0.5% of their nominal frequency values) dur-
ing steady-state portions of the tone. Both seem attribut-
able to noisy aspects of the sound, either in the
instrument itself or in the recording environment, or to
leakage between filters in the phase vocoder analysis
process. This fluctuation cannot be removed without
changing the sound noticeably, so the information is
relevant. A glance at the eigenvalues for a particular
tone (Fig. 14) supports the obvious conclusion that such
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T
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©

Fig. 10. Quality judgments for-comparisons between down-
sampled/resynthesized tones and various levels of PC resynthe-
sis. Data are for three listeners (SH, RH, SA). (a) Cello.
(b) Clarinet. (¢) Trombone.
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8 The reason the clarinet data reduction is so much higher
than other instruments when PCA is combined with downsam-
pling is because of the clarinet’s higher pitch. Because its
fundamental frequency was higher, there were more frames
in the additive synthesis data set, so when these were reduced
to 200 in downsampling, a significant data reduction was
achieved.
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Fig. 11. Summary of two experiments, averaged over three
listeners, with reference points for achieved data reduction.
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features are highly uncorrelated, and thus resistant to
the data reduction offered by PCA. That is, while PCA
will still be able to produce satisfactory sounding resyn-
theses, it will be at the expense of having to include so
many principal components that no data reduction is
achieved. This problem is equally apparent in both spec-
tral and temporal PCA.

We have experimented with a number of possible so-
lutions to this problem. One possible solution is to co-
erce the frequency trajectories of higher frequency par-
tials to parallel the trajectory of the fundamental, either
using perfectly harmonic ratios or using a set of inhar-
monic frequency ratios derived statistically from the
sound. We have found that both approaches yield sounds
that are flat and artificial sounding, so we consider this
strategy unacceptable.® Rescaling the frequencies to val-
ues proportional to their nominal frequency (so that each
variate had the same range of values) provided no im-
provement in sound quality. Another strategy involved
viewing the microjitter as random, removing it prior to
PCA analysis and then restoring it following PC resyn-
thesis by inserting appropriately scaled Gaussian noise
into the frequency functions. Some sounds resynthesized
from such data sets were satisfactory, suggesting that
further research in this area is warranted. We consider
even more promising the notion of using an approach
that systematically separates “sinuousoidal” and “sto-
chastic” parts of sounds, as in the work of Serra [39],
and submitting this to PCA. We speculate that some
solution of this sort can be found that can be used in
parallel with the more successful PCA on amplitude
data.

We note that the frequency issue has plagued many

® Charbonneau’s study [10] is often cited as showing that
frequency data can be reduced by substituting a single fre-
quency function for all the harmonics with no significant per-
ceptual consequences. His data actually show that identical or
near-identical judgments (When comparing normal and reduced
tones) occurred on an average of only 36% of the time; more-
over the sounds were presented over loudspeakers in a room.
Our own experience with such transformations (including the
same stimuli as Charbonneau’s) confirm that the effect is
quite noticeable.
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Fig. 12. Amount of data reduction achieved by number of
principal components meeting minimum criteria for distin-
guishability (diff, experiment 1) and quality category 3 (qual,
experiment 2). PCA-diff —measurement with respect to total
reduction achieved by PCA and downsampling together;
PCA —reduction obtained by PCA alone.
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other researchers in the area of additive synthesis data
reduction and that several have sidestepped it by adopt-
ing the strategy we rejected earlier, of coercing the fre-
quencies to static integer ratios [10], [13]-[18], [26],
[31]. Except in the case of a restricted group of instru-
ments (certain wind instruments) only a “likeness” of
the original tone will be achieved with static frequency
ratios. We prefer instead to concentrate on PCA’s effec-
tiveness at modeling amplitude data and evaluate this in
the context of tones that sound as natural as possible,
so we have chosen to use relatively unaltered fre-
quency data.

5 MULTIPLE-TONE PCA AND TIMBRE SPACES

One of the side benefits of downsampling is that it
puts tones of widely varying duration into a common
domain, a matrix of 200 columns in our case. This allows
us to pursue a more advanced application in which multi-
ple tones are analyzed with a single PCA. For example,
three tones, each with 22 partials and 200 partitions,
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Fig. 13. Evaluation of downsampled tones using distinguish-
ability and quality rating tasks of experiments 1 and 2. y axis
has dual function, showing proportion correct (0.0 : 1.0) in
lower half, quality scale (1 : 5) in upper half.
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Fig. 14. Eigenvalues for frequency portion of additive synthe-
sis data set for cello used in experiments 1 and 2.
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could be concatenated to make 22 partials with 600
frames. Like any PC analysis, the original data (that is,
all three tones) will be reproduced perfectly only when
using all principal components. More interesting to con-
sider, however, is the sounds resulting from using a
smaller number of principal components. If three tones
are concatenated, analyzed, and PC resynthesized with
a small number of principal components, the three tones
(when deconcatenated) will share features with one an-
other. We can capitalize on this feature and use it to
implement a timbre space, such as described in Grey
(7] and Wessel [40]. In a timbre space we wish to make
it possible (1) to portray visually the similarities between
a set of tones in two- or three-dimensional space and (2)
to extrapolate plausible sounding syntheses of tones that
are inbetween points in the space, that is, make timbre
interpolations.

We explored this by combining PCA with methods
from multivariate analysis of variance (MANOVA; see
Harris [19]). We begin by generating a prototypical tim-
bre from a set of timbres using a PCA that finds
weighting functions only for what the set of timbres has
in common. The second part is the interpolation between
those timbres using a PCA that finds weighting functions
only for what distinguishes between the timbres. The
prototype weighting functions were generated by finding
the eigenvectors of the pooled within-group sums of
squares and cross products (SSCP) matrix. The interpo-
lation weighting functions were based on the between-
group SSCP matrix. The within-group and between-
group SSCP matrices sum to equal the total SSCP matrix
for all the additive synthesis data sets submitted. Hence
the information for complete reconstruction of the origi-
nal data set is not lost in these operations.

By isolating what all the tones’ data sets have in com-
mon, we can generate a new data set that includes aspects
of information from all the data sets but emphasizes no
single tone in particular. When resynthesized, the sound
can be likened to a “prototype” for that group of instru-
ments. When several different horns are analyzed, for
example, the resulting prototype sounds like a bland,
generic horn sound. This result is perhaps not musically
useful, but if we subtract the prototype matrix from all
the individual instrument matrices, it becomes the origin
of a multidimensional coordinate system within which
each instrument is located at a unique point relative to
that origin. This has the musically useful result of setting
up a control structure for timbral interpolations. To re-
duce the dimensionality of the interpolation coordinate
system, the deviation matrices were scored on the inter-
polation weighting functions. Using only the first three
principal components for the deviation scores creates a
coordinate system that can be easily explored.

The primary source of information for interpolation
is in the principal components for deviation scores. Once
the prototype is generated, it becomes a “center of grav-
ity” for the space within which interpolation takes place.
Note that a prototypical timbre could have been synthe-
sized from a simple average of all the additive synthesis
data matrices in the set of timbres, but we found that
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this result had objectionable idiosyncrasies that did not
appear in the more idealized PC-based prototype. Since
the interpolation space is defined by three principal com-
ponents, there are multiple paths between each of the
analyzed timbres. We can take the shortest path between
two timbres, or follow a piecewise linear path that
changes values on one dimension at a time.

Like any arithmetic scheme for timbre interpolation,
what is obtained is only the approximation of a psycho-
logically and musically real interpolation. It is hard to
predict how plausible any interpolation (or prototype,
for that matter) will sound, but a careful selection of
instruments can help ensure better results. As the num-
ber and variety of instruments included in a single PC
analysis grows larger, the less the principal components
will relate to anything resembling any of the given tones,
or even anything musically plausible. The syntheses be-
gin to sound noisy, because the principal components
themselves have become more noiselike. Thus the in-
struments for a particular timbre space should be se-
lected with a bias toward optimizing commonality of
features.

Hilmar Thordarson, a composer in residence with us
at the Center for New Music and Audio Technologies
(CNMAT) at the University of California at Berkeley,
explored the sounds produced by this method with us,
and used them in a composition that was played to an
audience at the 1992 International Computer Music Con-
ference. As expected, more musically satisfactory re-
sults were obtained with certain groups of instruments
than with others. A group consisting of alto flute, cor-
netto, trumpet, trombone, and English horn yielded
plausible and interesting sounding interpolations. A
group of brass (French horn, trumpet, trombone, tuba),
however, was too homogeneous, making all the points
in the space sound too much like one another. When the
contrast was too high and the common features were
very few, the interpolations sounded highly distorted
and implausible. A mixture of a timpani with some wind
and string instruments gave very noisy results because
the timpani’s decay patterns were so unlike any of the
sustaining instruments. It appears that the most success-
ful combinations of instruments are those that strike a
balance between variety and homogeneity.

6 DISCUSSION

6.1 Attractive Features of PCA

One of the most powerful features of PCA is the op-
portunity for highly accurate resynthesis while achieving
a data reduction. Under stringent evaluative criteria,
flaws arising from the process can be heard out. These
flaws seem to ‘arise from singular, idiosyncratic (and
usually brief in time) features that are correlated with
none of the other properties of the tone. Hence many
principal components are needed to completely account
for them. They are subtle, however. Using more musi-
cally realistic evaluative criteria, such that flaws are
negligible, a considerable reduction can be achieved.
For applications with much laxer criteria (low-cost syn-
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thesizers, arcade games, or for applications with com-
peting sounds present) tolerance for such flaws may be
even higher, and an extremely high data reduction could
be achieved. In either case, artifacts tend to occur in a
fixed location of the tone, and preprocessing or cosmetic
postprocessing could eliminate them entirely.

On the whole we are rather pleased with the variety
of instruments that can be analyzed and resynthesized
with PCA while maintaining a high quality. We have
obtained very good results with nearly all wind instru-
ments. Instruments that are somewhat resistant to effi-
cient PC resynthesis, however, are strings and flutes.
This is probably a consequence of their characteristic
noise components during the steady state. In a partial-
based analysis system all sound is represented as sinu-
soids, and noise is simulated by spectral flux, or uncorre-
lated behavior among partials. From a PCA perspective,
this means that it will take a large number of principal
components to capture an acceptable portion of the vari-
ance for quality resynthesis. Another problem occurs
with freely decaying strings, such as in pizzicato or after
the bow leaves the string. The absence of the periodic
driving force also leads to incoherent spectral fluctu-
ations.

The fact that the underlying representation of PCA is
lossless (that is, identity resynthesis can be obtained
when using all principal components) is a compelling
and elegant feature of PCA. In an actual data-reduction
context the degree of loss can be roughly quantified in
terms of variance accounted for (although it must always
be at least 99% for high-quality synthesis). Thus there
is some degree of predictability between the quality ob-

tained and the associated data reduction. Also compel- .

ling is that this whole process can be completely auto-
mated, without any user intervention. No burden need
be placed on the user to decide what level of detail
is important.

PCA also offers timbre researchers some insight into
the makeup of musical tones. One measure that is needed
by timbre researchers is a measure of spectral flux. The
eigenvalues of a spectral PCA analysis provide a kind
of estimate of this by showing the number of principal
components that are required for a given proportion of
variance. If 10 principal components are needed to reach
99% of the variance, the event is probably very complex.
Similarly, temporal PCA would offer a measure of har-
monic independence. ’

The scores sometimes contain features corresponding
to primary timbral attributes such as the global amplitude
envelope, the vibrato, or attack-time “blips.” This can
be very useful for separating essential acoustical features
from one another and studying them in detail. This and
the orthogonal nature of the principal components sug-
gest the promise for attaining one of the central goals
of an ideal analysis-by-synthesis system—independent
controls for primary features of the sounds, or “percep-
tual knobs”—factors that manipulate brightness, vi-
brato, bite, and so on. Unfortunately, however, the es-
sentially statistical basis of PCA precludes the
possibility that the scores might correspond directly to
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perceptually salient features of tones. Higher order prin-
cipal components act as statistically “corrective” fea-
tures to the features neglected by previous principal com-
ponents, and the complexity of their function cannot be
manipulated in any intuitive way without upsetting the
delicate relationships between them. We experimented
with manipulating the principal components in order to
alter the quality of sound and were unable to produce
anything other than distortions of unlikely musical
value.

It is not clear why the data for the trombone in experi-

ment 1 did not improve monotonically with the number
of principal components for two of the subjects [see
Fig. 9(c)]. The accuracy for the resyntheses in question
(principal components 8—14) never exceeded 73%, so
it would appear to be a phenomenon occurring at the
fringe. Nonetheless we note that the quality judgments
also show a dip from “identical” to “possibly identical”
around the same principal component, 11 [see Fig.
10(c)]. It remains somewhat of a mystery how account-
ing for greater variance could introduce more inaccu-
racies. : '
Finally, we point out that our study only evaluated
the perceptual consequences of spectral PCA. A side-
by-side comparison of the perceptual consequences of
both temporal and spectral PCA processing tones is war-
ranted and would make a worthy topic for further
research.

6.2 Downsampling

Although variable-duration temporal partitioning
(VDTP) was originally conceived out of necessity, we
discovered that it could be developed into a useful tool
in its own right. We have found that a variety of instru-
ments can be downsampled and then resynthesized while
maintaining a high quality. Instruments with particularly
long attacks or decays must be handled carefully, but
so long as the user chooses an appropriate number of
partitions (more than 200 may be necessary for long
tones) and a sensible windowing strategy (allotting a
suitable number of partitions to single frames), nearly
any instrument should survive downsampling well. For
instruments with large amounts of spectral flux, how-
ever, the process of summarizing over groups of frames
can lead to a noticeable loss of quality. (See the earlier
discussion of the frailty of PCA with respect to de-
caying strings.)

Our VDTP approach is useful for an additional reason
not mentioned earlier: to make musically useful temporal
transformations. One of the popular features of additive
synthesis is the separation of temporal features from
spectral ones, making it possible to resynthesize the
tones at durations other than their original without
changing pitch or spectral energy distribution. One may
transform a 1/2-s tone into a 2-s one or vice versa (see
Dolson [37, p. 23]). However, as researchers in timbre
know, in real performed notes the attack, sustain, and
decay portions of tones do not change according to the
same scale. For example, a tone that is lengthened will
have a much elongated steady state, but its attack will
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change only slightly. The VDTP approach, however,
provides the possibility for natural sounding time expan-
sion and contracting by preserving the transients in a
natural way and adjusting only the steady portions. If
the downsampling partitioning has been chosen carefully
for the tone in question, the user would be able to control
this quite sensitively.

The total data reduction obtained by the combined
results of downsampling and PCA is quite impressive,
as high as 82% in the case of the clarinet (see Fig. 12).
This suggests that further refinement of the downsam-
pling approach, although outside the scope of the current
study, is a worthy topic for further study. An obvious
candidate for further improvement would be to use a
VDTP rate that would be sensitive to the specific nature
of the tone, that is, to increase and decrease in response
to the actual variability of the tone over time. The pattern
shown in Fig. 6 is one that worked well for most of the
instruments we investigated, but it is only one possible
pattern. One way to do this would be to employ an error
minimization process, as in the work of Serra, Rubine,
and Dannenberg [16], [17]. Stapleton and Bass [26] also
describe a scheme that is sensitive to variability by fol-
lowing changes in phase in the time-domain waveform.
Another possibility, as used by Stautner [24], would be
to use time adaptation for high partials, or downsampling
time differently for low partials (more coarse) than high
partials (more fine). Furthermore, auditory models could
be used to limit the number of channels that are ana-
lyzed. It might be feasible to average several partials
into a single channel if their frequencies are unresolved
by the auditory system.

7 SUMMARY

The benefits of using principal components analysis
(PCA) for the representation of additive synthesis data
sets (partial-based, time-variant representations of musi-
cal instrument tones) have been considered. PCA recasts
data into a set of basis vectors, or scores, ordered ac-
cording to the amount of variance accounted for. Thus
a likeness of the data can then be reconstructed using a
fraction of the data, making it useful as a data-reduction
tool. The minimum number that can be used without
introducing noticeable differences between the original
and a resynthesis was explored in two perception experi-
ments. Nearly identical tones can be attained with a
40-70% data reduction. We outlined the particulars of
applying PCA to additive synthesis data, including the
advantages of alternative approaches (temporal PCA
versus spectral PCA). We also introduced a prepro-
cessing step of variable-duration temporal partitioning
(VDTP), which allows for natural-sounding time expan-
sion and contracting of tones, and a method for timbre
interpolation.
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APPENDIX

This appendix describes the computational procedure
used for principal components analysis. For specifics of
implementation with musical tones, the reader should -
read this in conjunction with our definitions of spectral
and temporal orientation, and spectral and temporal
PCA.

Our method is essentially the same as described in
Harris [19], but we note that other procedures exist as
well for arriving at the same results. PCA routines can
also be found in many large statistics software packages
such as S, SPSS, and BMDP.

PCA is performed in the following steps:

1) Center the data: for all values in each column,
subtract the mean for that column. (Alternatively the
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data may be standardized, meaning that the additional
step of dividing by the column standard deviations is
performed.)

2) Save the column means.

3) Calculate the minor product moment of the input
matrix. This is accomplished by postmultiplying the
transpose of the input matrix by itself. Dividing this by
(nrow-1) gives the covariance matrix for the input.

4) Calculate the eigenvalues and eigenvectors of the
input matrix from the covariance matrix. This can be
accomplished by using the functions jacobi ( ) and eigsrt
() given in Press [41]. When the order of the eigenvec-
tors is sorted according to the magnitude of the eigenval-
ues, this comprises the principal component weights.

5) Postmultiply the weights by the centered data to
yield the principal component scores.

Here is how one does PC resynthesis with N princi-
pal components: '

1) Extract the first N rows from the scores and the

_weights.

PAPERS

2) Transpose the weights and postmultiply them by
the scores.

3) Add the column means from the input data to each
column. (If standardizing rather than centering was per-
formed, then one must also multiply by the column stan-
dard deviations here.)

Postmultiplication is performed as follows. Given two
matrices, PRE and POST (for prefactor and postfactor
matrix, respectively),

4
PROD,; = >, PRE, , x POST,
k=1

where

columns of PRE
rows of POST
number of columns of PRE

i
J
p

(The number of columns of PRE must equal the number
of rows of POST.)
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