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Abstract

We consider the problem of transcribing a musical audio waveform to its underlying note-based repre-
sentation. Our approach focuses on constructing models of partial behavior both as isolated structures
and as part of a note complex. These models are used to guide segmentation algorithms based on Kal-
man filtering and multiple-hypothesis tree search. Our data-model-based approach stands in contrast to
those based upon auditory models. Our goal is to explore the degree of success attainable from careful
attention to the data and the associated algorithms before we begin to consider the additional structure
imposed by auditory models. We discuss results of our algorithm operating on multi-voice musical pas-

sages performed on brass instruments.
1. Introduction

Musical transcription is the transformation of an
audio waveform to a parametric representation, such
asamusical score. Most commonly, it isassumed that
the notes of a score have been rendered to an audio
waveform by one or more performers playing musical
instruments. This definition of transcription is inten-
tionally broad asthere are several levels of parameter-
ization that one can consider. Even the original score
does not fully describe the performance, asthereis
also a performer involved who can add color to the
waveform via performance gestures (e.g., vibrato,
loudness dynamics, timing variations).

We consider our note-oriented view of musical
transcription to be a subset of the broader class of
problems in computational auditory scene analysis
wherein an audio waveform may be musical in nature
but may comprise features not easily described by
note quanta.

Several commercia software and hardware
implementations exist for monophonic transcription
of note-based music. (By monophonic we mean that
only one note is sounding at a given time. We do not
consider stereo waveforms or the transcription of spa-
tial position parameters). Success in this restricted
class of waveforms comes from the strong constraint
of knowing that only one note can be sounding at any
given time. For musical notes with harmonic partial
components, the monophonic constraint allows the
parameters of fundamental frequency and onset/offset
time to be confidently deduced from the time-varying
spectrum. Artifacts in the spectrum that may be diffi-
cult to interpret can be easily rejected due to the
monophonic constraint.

For polyphonic music (i.e., multiple notes may be

sounding at any one time) the problem becomes sig-
nificantly more challenging. Losing the monophonic
constraint (even while still assuming a harmonic par-
tial series) handicaps our ability to interpret spectral
representations of our audio waveform. As existing
approaches have shown, even the transcription of the
most basic note parameters (fundamental frequency,
onset time, and offset time) is very difficult in this
broader signal class. The transcription problem does
not scale well from the monophonic to the polyphonic
case, and ad hoc or rule-based approaches to fixing
the problemsthat arise are generally unsuccessful (see
[7] for a summary).

The recent direction in this field has been to use
models of human audition to impose additional struc-
ture upon the data, or to use physiologically-moti-
vated algorithms (such as the cochleagram),
presumably so we may interpret the audio waveforms
inthe sameway asahuman [2]. While we believe that
such models are necessary in, for example, separating
melodic streams and eval uating the chordal context of
notes, we do not believe that such models are neces-
sary for note identification.

2. Track Formation

2.1 Peak | dentification

Our transcription a gorithm begins with the for-
mation of atime-frequency representation of the
acoustic waveform. We use the modal distribution [5]
for itsimproved resolution properties when operating
on the class of musical signals (i.e., those signals that
are well-modeled as a sum of harmonically related
sinusoids). From the time-frequency image, we iden-
tify possible partial components at each time instant
by searching for local maximain the spectrum at that
time. We use an adaptive thresholding technique to
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reject local maximathat appear to be artifacts of the
distribution. The instantaneous power and frequency
of each partial are estimated by refining the local
peak's power and frequency using centroid-based esti-
mators [5]. These estimators have been shown to have
better accuracy than parabolic fitting techniques.

Our approach at this point does not differ signifi-
cantly from existing approaches. However, whereas
most algorithms proceed by joining adjacent peaks
into tracks using a nearest-neighbor criterion, we look
beyond the local neighborhood in an attempt to more
robustly tolerate both misidentified peaks and missing
peaks. The details of our track formation method are
presented in[7]. In the next section we summarize our
approach.

2.2 Partial Tracking

We make use of the Kalman filter to estimate the
trajectory of a partial based upon observations of its
power and frequency at discrete pointsin time. These
observations are the refined power and frequency esti-
mates obtained from identifying local peaks, as
described in the previous section. The Kalman filter
uses models of partial behavior to extract the optimal
estimate of the underlying partial given a set of noisy
(and possibly missing) observations. In other words,
given a set of peak observations, the Kalman filter
identifies the underlying partial that conformsto the
model we specify and that best fits the observations.

We model the power evolution of apartial (in
decibels) as a piecewise linear function, and the fre-
guency evolution as a constant function. This instanti-
ates our intuition of partials having constant
frequency and a power behavior that can be grossly
modeled with linear segments. We write our model in
the form of afirst-order recursion:

Pk = Pr—1t Vi

(D
fe = foa + W
where p, and f, are the discrete partial power (in
decibels) and frequency (in Hertz) states, respec-
tively. The v, term represents a“velocity” (i.e., first-
difference) power term, and represents an unspeci-
fied driving noise process. The velocity term isitself

written as:

Vi = Ve T U (2
and u, isan unspecified driving noise process.

To complete our model, we analyzed alarge
number of isolated single-note recordings from four
members of the brass family (trumpet, french horn,
tuba, and trombone) [4]. The partials of each note
were identified and analyzed for velocity and fre-
guency driving noise statistics. We concluded that the
velocity driving noise can be well modeled as an
AR(1) process with additional additive white noise:

Uk = 8pUk-1 7 Gpr(kl) +Gyri? (3

where a

D and Gp define the pole radius and overall

power of the AR(1) process, and G, defines the
p%/er of tf(12e) additive white noise process. The terms
re andr, ™ areuncorrelated, zero-mean, unity-vari-
ance, white Gaussian processes.

Similarly, the frequency driving noise was mod-
eled as an AR(1) process (but with no additional
white noise):

W = aw_q +Gyr) (4)
where a; and G; define the pole radius and overall
power of the AR(1) process. As above, rf( isazero-
mean, unity variance, white Gaussian process.

The values of the above parameters were derived
from our instrument analyses. With this model of par-
tial behavior, we constructed a Kalman filter tracking
algorithm to identify partial tracks from peak observa-
tions. Please refer to [7] or [8] for the details of this
algorithm.

3. Data Association

3.1 Problem Formulation

Our partia tracker has identified a set of tracks
T = {T,;i= 1%4aN;} where N represents the num-
ber of tracks. Our goal in transcription isto partition
this set of tracksinto Ng note events, wherein the
tracks themselves suggest the note events that may
explain them (and, as aresult, the value of N aswe
do not know this quantity beforehand). We define a
note event (or note complex) as a4-tuple:

E = ({Ty, T, %. Ty }.f.ab) (5)

where the first element is a set of tracks that lend evi-
dence to the note event, f isthe fundamental fre-
guency, and a and b arethe start and end times of the
note event. A partition (or hypothesis) isdefined asan
assignment of all N tracksto one of the N note
eventsor asone of N false-alarmtracks F (i.e.,
tracks that are not components of any note event):
[ i i, U
P, = {E, En ¥, Fy Fy, 1/4g (6)
7

The probability that a given partition is a good
explanation of the identified partial tracksis defined
by:

Pr[P|T] = Pr[Ey, Ep %, Fy, Fp, % T]  (7)

Our task in data association isto search over the set of
probable partitions to identify the one with the maxi-
mum probability. The note events that comprise this
optimum partition represent our transcription result.

Within a partition, we require the exclusive allo-
cation of tracks to note events or to the set of false
alarm tracks. We do this for two reasons. First, exclu-
sive allocation means that the joint probability of two
different partitionsis zero (i.e., Pr[P;, Pj |T] =0)
hence we need not search over combinations of parti-
tions. Second, exclusive allocation lowers the compu-
tational burden of the search process.



Werewrite (7) using Bayes rule:
Pr[Pi|T] _ Pr[TI|DP|]Pr[P|] @®
r[T]
Since we are only interested in finding the maximum
probability over al partitions, the denominator in the
above functions as a scaling constant and we can
therefore determine the optimum partition number as:

iopt = argmax Pr[T|P,]Pr[P;] (9)
i

which isthe maximum a posteriori (MAP) estimate

[6].

3.2 Note Models

The quantity Pr{T|P;] in (9) instantiates the
amount of support for a particular hypothesis pro-
vided by our tracking results. For simplicity, we ini-
tially assume that the components of each hypothesis
do not interact (with respect to the identified partial
tracks) hence we can write:

PrTIP] = D PrITIE LT PriTIFIS(10)
j k

A more intricate model would consider how combina-
tions of note events and false alarm tracks could lead
to mistracking and would give rise to joint probabili-
ties that describe these effects

The quantity Pr[T]| E ] indicates the |Ike||h00d
that the received tracks support the note event E; .
Here we can implement our observations regarding
partial properties when the partials are elements of a
note complex. For example, Pr[T|E!] should be low
if there are no (or few) tracks that are harmonical Iy
related to thefundamental frequency of the note E..

We define Pr[T|E ] to bethe product of likeli-
hood functions:

K
O Ly(T.E) (11)
n=1
Each one of the K likelihood functlons L,, describes
how well the tracks associated with E; appear to
belong together relative to some criterion. We call
these criteria grouping properties. Useful grouping
properties, as well as the numeric parameters that
define them, were suggested by note-level analyses of
acoustic instrument recordings [7]. In summary, we
used K = 6 grouping properties:
1.Common onset time
2.Common offset time
3.Harmonicity
4.1 ow partia support (i.e., we expected all notesto
be supported by at least their first and second par-
tias)
5.Partial gap (i.e., missing partials between the low-
est and highest partials were not expected)
6.Partial density (i.e., the more partials the better)
Theinstantiation of the above properties as likelihood
functions L, isdescribed in [7].

PrTIE] =

The remaining quantity of interest in Equation
(10) isthe a posteriori false alarm probability
PriT| F'k] . For simplicity, we ignore the effect of
false alarm tracks on the track identification algorithm
and write Pr[T|FL] =1.

Finally, we need to consider the a priori quantity
Pr[P;] in Equation (9). As before, we assume that
the underlying components of the partition are inde-
pendent and write:

Pr[P;] = alt)Pr[E]IZ'g't)Pr[l:k]O (12)

Theterms Pr[E-] allow usto ignore note events that
do not correspond to notes on the 12-tone equal-tem-
pered scale, that are of too brief duration (currently
150 ms), and that are too low or too high in frequency
(currently we allow notesin the range C2 through D6,
were middle C is denoted C4). The terms Pr[FL]
compare a given track against reference values of
power and duration and assign low probabilitiesto
tracksthat are either too short or of low power. Again,
the details of the above are presented in [7].

Assuming independence of note eventssimplifies
the model of Equation (12). However, we can include
joint probabilities in our formulation if we want to
incorporate knowledge of chords, rhythm, note inter-
vals, and so on.

3.3 Optimum Partition Search

Given the likelihood functions defined by Equa-
tions (10) and (12), our goal isto implement Equation
(9): find the partition P; that maximizes the likeli-
hood of receiving theidentified tracks. Unfortunately,
an exhaustive search over all possible partitions (as
suggested by the tracks themselves) is of exponential
complexity with respect to the number of tracks. Our
approach to searching for the optimum partition bor-
rows from the field of multiple-target radar tracking.
In the latter, a technique known as multiple hypothe-
sistracking (MHT) is used to perform a manageable
search over al possible assignments of radar antenna
observations to target tracks [1]. We have asimilar
problem in our data association task, thus we propose
anal ogies between antenna observations and partial
tracks, and between target tracks and note events.

The MHT algorithm proceeds by extracting
tracks, one at atime, from the list of all identified
tracks T, sorted by ascending onset time. For each
track, new hypotheses are formed by associating the
track with existing note events, using the track to ini-
tiate new note events, or considering the track to be a
false alarm. The working hypothesis set is replaced
with the new set of hypotheses and the process repeats
for the next track in T . Should the hypothesis set
grow too large, unlikely hypotheses (as eval uated
according to the likelihood functions in Equations
(10) and (12)) are removed from consideration.



4. Algorithm Evaluation

In [7] we describe a nascent corpus of test cases
for quantitative evaluation of automated transcription
algorithms. Using the standard MIDI file format, we
construct note streams that eval uate various aspects of
performance, such as the ability to discern repeated
notes, the ability to identify notes of varying relative
power, etc. We also include several passages of well
known music comprising one to four distinct voices.

Algorithm performance is measured using four
primary statistics and two derived statistics. The piano
roll notation of both the known score and the tran-
scribed score are used to compute how much of the
known score explains the transcription, and vice
versa, as well as how many transcribed note onsets
can be explained from the score, and vice versa.
These four quantities give rise to two summary coeffi-
cients that attempt to quantify how “close” two pas-
sagesarein piano roll notation. One of these summary
coefficients corresponds to the note recognition index
proposed by Kashino [3]:

R = [lwfh l} x100% (13)

2¢€ Total g 2
Right represents the number of notes correctly tran-
scribed, Wrong represents the number of spurious
notes, and Total representsthe total number of notes
in the original score.

Table 1 shows the note recognition index perfor-
mance of our algorithm on synthesized musical pas-
sages for up to four simultaneous voices. The musical
passages are drawn from the score for “ Art of the
Fugue: Contrapunctus|” by J.S. Bach and rendered to
acoustic waveforms using the trumpet, french horn,
trombone, and tuba voices of a Kurzweil MIDI syn-
thesizer. Thereader isinvited to view the web page of
the first author for audio examples.

The resultsindicate decreasing performance with
an increasing number of voices, asis to be expected.
The magnitude of the numbers, however, suggests
that our algorithm exhibits comparable performance
relative to existing algorithms. Differencesin the
musical passages and timbres used to evaluate other
algorithms preclude any more conclusive results.
Hopefully, our corpus of test cases will be expanded,
improved, and eventually adopted by the musical
transcription community as a means of quantitatively
comparing the performance of different algorithms.

5. Conclusions

We have presented a new approach to musical
transcription that focuses upon data models and the
information provided only by data analysis. Tradi-
tional ad hoc techniques of nearest-neighbor partial
formation are replaced with a model-driven tracking
algorithm based upon Kalman filtering applied to a
high resolution modal time-frequency distribution.
Similar rule-based and intuitive techniques of data

Number of Not_e_

. Recognition
Voices

Index

1 100%

2 96.2%

3 84.8%

4 79.5%

Table 1: Note recognition index scores on four passages of
multi-voice, musical material

association are replaced by a more objective frame-
work based on models and analyses of partial behav-
ior in a note complex. Combined with the MHT
search algorithm, we have implemented a transcrip-
tion algorithm whose performance is comparable to
that of existing algorithms. The beginnings of a new
suite of test cases have been proposed in order to bet-
ter quantify future comparisons of transcription algo-
rithms.

Even with thislevel of performance, we believe
that our algorithm is still quite naive in many respects
and can act as a foundation upon which many new
research directions can be built. This standsin con-
trast to various existing algorithms which appear to
leave little room for evolution.
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