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ABSTRACT

In recent years, filterbank learning has become an increas-
ingly popular strategy for various audio-related machine
learning tasks. This is partly due to its ability to discover
task-specific audio characteristics which can be leveraged
in downstream processing. It is also a natural extension of
the nearly ubiquitous deep learning methods employed to
tackle a diverse array of audio applications. In this work,
several variations of a frontend filterbank learning mod-
ule are investigated for piano transcription, a challenging
low-level music information retrieval task. We build upon
a standard piano transcription model, modifying only the
feature extraction stage. The filterbank module is designed
such that its complex filters are unconstrained 1D convolu-
tional kernels with long receptive fields. Additional vari-
ations employ the Hilbert transform to render the filters
intrinsically analytic and apply variational dropout to pro-
mote filterbank sparsity. Transcription results are com-
pared across all experiments, and we offer visualization
and analysis of the filterbanks.

1. INTRODUCTION

Automatic music transcription (AMT) is an essential ca-
pability for intelligent systems which analyze music [1].
The task is part of the broader music information retrieval
(MIR) class of machine learning problems. AMT seeks to
retrieve all of the information necessary to develop a score
which accurately represents the music. However, given
this complexity, the problem is typically reduced to the aim
of estimating all notes, where a note is characterized by its
pitch, time of onset, and duration [1]. Multi-instrument
AMT is challenging, leading many to develop algorithms
targeted for successful single-instrument AMT as an initial
goal. In particular, piano transcription has been an active
research task in AMT, given the wide availability of note
annotations [2], and the consistency of piano timbre com-
pared to multi-instrument ensembles [3].

Most machine learning methods involving AMT, and MIR
in general, begin with a feature extraction stage which cal-
culates a 2D time-frequency representation (TFR) for a
piece of audio. Common choices for this step include the
Mel-spectrogram or the constant-Q transform (CQT). In
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AMT algorithms, the features must contain at least enough
information to detect and track notes. While standard TFRs
are viable for this purpose, they may not be optimal. In par-
ticular, most frequency analysis methods do not explicitly
model note characteristics. They also require careful de-
sign choices like filter shapes and other hyperparameters.
Furthermore, there is fundamentally no information gained
in moving to the frequency-domain.

In this work, we focus on filterbank learning for piano
transcription, extending the preliminary work of [4]. Fil-
terbank learning is a way to circumvent the use of hand-
crafted features by replacing or augmenting the TFR cal-
culation with the response from a bank of learnable filters.
As the learnable filters are tuned jointly with a backend
model for the task at hand, ideally they can model task-
and domain-specific characteristics of the input signal.

Although filterbank learning is widely applicable to vari-
ous audio processing problems, we target piano transcrip-
tion because it is a complex task which, intuitively, may
benefit from modeling notes in the time-domain. The filter-
bank learning paradigm provides an opportunity to model
some of the more obscure properties of musical notes, such
as onset or offset behavior, harmonic structure, inharmonic-
ity, or more generally timbre. Piano transcription is also
a task with plenty of annotated data and consistency, two
characteristics which can simplify the problem.

We adopt the Onsets & Frames piano transcription model
[2,5] and replace the feature extraction stage with a learn-
able filterbank module'. We utilize a 1D convolutional
structure for the filterbank, and experiment with several
initialization strategies, model variations and regulariza-
tion techniques. The filters represented in the module are
complex, and can be employed with a standard hop size or
stride. We compare the transcription results of each exper-
iment, and provide an analysis of the learned filterbanks.
We show that in general, the filters converge to sparse,
unique shapes, which we speculate to be modeling various
note characteristics. We also demonstrate that filterbanks
initialized with random weights achieve comparable per-
formance to those with fixed TFR initializations.

2. RELATED WORK

Filterbank learning has gained traction in recent years as a
means to perform audio-related machine learning tasks in
an end-to-end fashion. Some of the first filterbank learn-
ing attempts emerged to tackle problems within the speech

! All code is available at ht tps: //github.com/cwitkowitz/
sparse—analytic-filters.
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Figure 1. Complex filterbank learning module. The real (black) and imaginary (purple) part of each filter are learned
independently. The real and imaginary responses are combined channel-wise using Ly pooling to obtain a feature map.

community [6, 7], replacing the more widely used Mel-
Frequency Cepstral Coefficients. This eventually lead to
powerful models for tasks such as speech separation [8,9].

Filterbank learning has also been applied as a frontend
for music data. However, this has mainly been for high-
level tasks such as music auto-tagging [10-12] or various
classification problems [13]. For lower-level tasks, such
as AMT, filterbank learning has received only some atten-
tion [14, 15]. Music data has rich characteristics, patterns,
and relationships at many layers of abstraction, including
the note-level, the instrument-level, etc. As such, filter-
bank learning carries significant potential for discovering,
capturing, and leveraging task-specific information.

Many filterbank learning approaches learn strictly real-
valued filters, and attain shift-invariance by pooling the re-
sponse at small hops across time [6]. These filterbanks
are analogous to standard 1D convolutional blocks in deep
networks. In contrast, the filters used in fixed TFR calcula-
tions, e.g., CQT, are typically complex and analytic, which
means that they implicitly encode phase. As such, they are
stable with relatively large hop sizes, and there is no need
to apply further temporal pooling on their responses.

Some filterbank learning approaches have extended the
1D convolutional approach to implement complex filters
with grouped real-valued filters representing the real and
imaginary part of the complex filter [16—-18]. While the fil-
ters in these examples are complex, if their analytic prop-
erty is not preserved, they will have an asymmetric fre-
quency response about 0 Hz and no longer exhibit shift-
invariance in the magnitude response. Moreover, the 1D
convolutional layer approach sometimes suffers from too
little constraints, leading to noisy filters with no distinct or
localized frequency response. One way to address this is
to add soft constraints, e.g., initializing the filterbank with
the weights approximating a standard transform [6].

Recently, there has been a trend to further constrain fil-
terbank learning [19, 20], by learning a small number of
parameters which define fixed-shape filters. While these
approaches may exhibit more stability, they can only really
model simple bandpass filters and thus, lower the potential
for discovering meaningful patterns in data at the signal
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level. Other approaches learn frequency-domain filters on
top of spectrograms [21, 22], initializing them with har-
monic relationships. We wish to discover these relation-
ships naturally, rather than imposing them as a constraint.

Many approaches to piano transcription have attempted
to realize a framework which can learn task-specific note
characteristics. Non-Negative Matrix Factorization (NMF)
has been proposed to learn properties such as the harmonic
relationships, temporal evolution, attack, and decay of pi-
ano notes from a TFR [23,24]. Convolutional sparse cod-
ing is a similar approach which operates in the time-domain,
and was proposed as a way to estimate the activation of
pre-acquired note impulse responses [3,25].

More recently, deep neural networks (DNNs) have demon-
strated success in learning to estimate discrete pitch activ-
ity from TFRs [2, 5, 26,27]. Some approaches have at-
tempted to design DNNs such that they naturally lever-
age information about note characteristics [28-31]. Since
they are very powerful and efficient at learning features
for many tasks, we hypothesize that DNNs can be utilized
to learn better input features for acoustic models. Further-
more, we believe the proposed frontend will naturally learn
to model note characteristics for piano transcription.

3. METHOD

The complex filterbank learning module is implemented
as a 1D convolutional layer. It accepts a 1D signal as input
and produces a real and imaginary feature map, which are
combined using Ly pooling, a simple mechanism for com-
puting the magnitude. The output of the module is sub-
sequently converted to log-amplitude and fed into a batch
normalization layer. The filterbank is formulated such that
an inner product is taken between a time-domain signal
2 and np;ns filters, indexed by p, of respective lengths [,
with weights 6, at discrete hops k spaced [;, samples apart:

l—1

Xk, pu) = Z z[kly, + n)b,[n].

n=0

€]

Note that this operation is equivalent to convolution, or
more precisely correlation, using a stride of /. The most
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straightforward way to represent complex filters in this type
of framework is to allocate two adjacent filters for the real
and imaginary weights, and to combine their respective re-
sponses channel-wise using Lo pooling [16]:

X[k = @+ RO+ (=IO @)
Note that with this representation, there are actually 2 x
Npins filters to learn, and they are only implicitly associ-
ated via the subsequent pooling mechanism. Fig. 1 illus-
trates this filterbank architecture. While this approach can
model complex filters, the filters are rarely analytic, unless
they are initialized as analytic filters. This means that they
may have non-zero responses to negative frequencies and
may not be shift-invariant with respect to time.

Another way to model complex filters is to learn only
the real part and to infer the imaginary part such that the
complex filter is analytic [32]. This can be done using the
Hilbert Transform, which computes the imaginary counter-
part to a real signal, such that the resulting complex signal
is analytic 2 . This can be expressed as

Xk = /(2 * RO + (% HR6,))®, )

where H (-) denotes the Hilbert transform. This variation
learns shift-invariant filters with frequency responses con-
taining only energy in the positive frequency range.

3.1 Initialization Strategy

Within the framework presented above, the weights 6,, are
initialized randomly by default. Without inserting any prior
knowledge into the filterbank, it must learn to generate fea-
ture maps from scratch. This strategy has the potential to
discover new filter shapes and characteristics that are not
present in standard TFRs.

Alternatively, it is possible to insert weights into the fil-
terbank such that it implements a time-domain variable-Q
transform (VQT) if left untrained. The complex variable-Q
response for filter v can be computed in the time-domain
by making the weights 6, complex basis functions with
center frequency f,, sampling rate f,, and smoothly var-
ied Q-factor Q)

_jzmiun
eu,n =wWyune ° s,

C)

n=0,...,1,.

The filter length [, = [Qu;—ﬂ is set such that the desired
Q-factor, whether constant or smoothly varied, is main-
tained across all filters. The windowing function w is cho-
sen as a Hanning window and matches the filter length [,,
for each filter. We avoid normalizing the response of each
basis by filter length [,, so that the weights of each filter
are all comparable and responsive to a single learning rate.
The center frequency of each filter in the VQT initializa-
tion is defined by selecting f;,;,, and applying

T

fu = fmin X 2Mbpo )

&)

2 Note that the filters represented with this variation may only be ap-
proximately analytic, due to the limitations of discrete processing.
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where 7y, is the number of bins or per octave.

The bandwidth of each respective filter is determined by
B, = fuy1 — fu + . In a CQT, the ratio between the
center frequency f,, and the bandwidth B,,, or the Q-factor,
is constant, meaning that v = 0. However, for large n),,
this can lead to filters with extremely tight bands, requiring
long impulse responses. Modestly utilizing the constant
bandwidth offset -y relaxes the constancy constraint in the
lower frequency range and provides direct control over the
size of the filter receptive fields, which must all be zero-
padded to the largest filter in order to be stored in a 1D
convolutional layer. We also use the VQT parameters to
determine the receptive field size for random initialization.

Initializing the filterbank with the VQT weights provides
a foundation to improve upon, and could even be thought
of as pre-training the filterbank. Although there are mul-
tiple transforms one could utilize, the VQT is chosen be-
cause it is intuitively a better starting point for modeling
note characteristics. Every "fg" ™ filter is already locked
onto a pitch in the Western music scale. Since we are
primarily concerned with relationships between pitch and
temporal characteristics for the AMT problem, we believe
this is an appropriate initialization strategy.

An additional initialization strategy is the harmonic comb,
where a set of harmonics H is defined, and separate filters
with center frequency f = h x f,, are constructed for each
h € H. All filters associated with a given p are summed
and collapsed into a single set of normalized weights for
insertion into the 1D convolutional layer. In this way, each
filter responds directly to the harmonics of its correspond-
ing pitch, and characteristics such as inharmonicity or rel-
ative harmonic strength (timbre) can be fine-tuned.

3.2 Variational Dropout

Variational dropout [33] is a regularization technique which
allows for the learning of sparse frontend filters with long
receptive fields. It is similar to Gaussian dropout, except
the dropout rate, or variance, corresponding to each weight
is learned. During training we treat the weights as ran-
dom variables, with their true values 6 being the mean,
and an additional set of learned parameters o2 being their
variance. By learning the variance of each weight, vari-
ational dropout induces sparsity, as it pushes less impor-
tant weights to have higher variance, and more important
weights to have lower variance. This leads to more sparse
and interpretable filters, and can deal with very long recep-
tive fields effectively. The stochasticity can also stimulate
the filterbank to take interesting and unexpected shapes as
it is being trained. During each forward pass, noise is sam-
pled from the variance of the filterbank response and added
to the mean response:

X[k, p] ~ N(x%0,,2° x07). (6)

The parameters O’i are jointly trained with the filterbank
parameters 6,,, and their gradient is calculated using a very
close approximation to the KL-divergence [33]. In prac-
tice, we iterate upon log o2 for improved stability. It should
be noted that we only add noise to the real part of the fea-
ture map when using the Hilbert filterbank variant.
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MAESTRO MAPS

Experiment || Frame F; [ Note-OnF; | Note-Off F; || Frame F;1 | Note-On F; [ Note-Off F;
mel 91.80* 95.95* 83.44%* 81.40%* 81.42%* 59.15%
mel 90.91 95.82 83.14 81.26 83.86 59.07
cqt 90.79 95.29 82.30 77.46 82.35 52.18
vqt 90.18 94.74 80.51 80.26 83.42 55.34
fixed comb 87.59 92.19 75.09 80.30 84.64 57.22
cl+rnd 86.70 91.22 73.72 70.03 78.77 43.92
cl+vgt 87.53 92.24 75.64 72.90 80.90 48.06
hb+rnd 86.50 91.30 73.19 76.13 80.00 51.88
hb+vqt 87.81 92.63 76.01 75.11 80.71 50.66
hb+rnd+brn 85.23 90.19 70.75 74.81 79.48 50.57
hb+rnd+gau 85.63 90.41 71.81 75.58 80.44 51.28
hb+rnd+var 86.04 90.61 72.27 73.59 80.09 47.99
hb+vqt+var 87.45 92.39 74.92 75.62 80.80 50.55
hb+comb+var 87.52 92.27 75.69 76.74 80.98 52.57

Table 1. Evaluation results for all baseline and filterbank experiments (separated by break). Filterbank learning experiment
names are formatted in terms of variant (classic (c/) / Hilbert (kb)) + initialization (random (rnd) / vqt / comb) + dropout
(none / Bernoulli (brn) / Gaussian (gau) / variational (var)). Results obtained using MAESTRO V; are indicated by *.

4. EXPERIMENTS
4.1 Model

The filterbank learning module is used as a frontend re-
placement for the feature extraction stage of the Onsets &
Frames model [2,5] and jointly trained for the task of piano
transcription. While there have been more recent models
with improved performance, e.g. [31, 34], we stick with
Onsets & Frames as a baseline due to its simplicity for the
purposes of filterbank analysis. The original model takes
as input a Mel spectrogram and produces a frame-level
salience estimate for all note pitches, independently. Note
predictions are generated using the simple post-processing
steps proposed in the original paper, except we do not use
the note predictions to refine the salience estimate, nor do
we perform the additional velocity estimation. Our exper-
imental setup is the same as the original paper [5] with the
subsequent improvements proposed in [2]. We utilize the
same hyperparameters, running each experiment for 2000
iterations, where each music piece is accessed once per it-
eration to sample a sequence of frames for a batch.

4.2 Datasets

MAESTRO [2] is used for training, validation, and testing.
Specifically, we use version 3 (V3) of the dataset for all but
one experiment, which is run on version 1 (V7). We follow
the suggested partitioning for both versions. We also eval-
uate on the acoustic partitions (ENSTDkAmM/ENSTDKCI)
of MAPS [35], to inspect the generalization potential of
our method. We downsample all audio to f; = 16 kHz,
and use a hop length of Lj, = 512 samples.

4.3 Metrics

We evaluate experiments using the same transcription met-
rics as in [5], which include frame-wise, note-wise, and
note-wise with offset scores. Each of these metrics is cal-
culated in terms of precision, recall, and fl-score, using
mir_eval [36]. For frame-wise evaluation, detected pitches
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are compared to the ground-truth at the frame-level. For
note-wise evaluation, note estimates for an entire piece are
compared to the ground-truth. A note is considered correct
if its pitch is within half a semitone of the true value, and
if its onset is within 50 ms of the true value. The note-wise
with offset metric additionally compares the estimated off-
set to the true value, a correct estimate being within 50 ms
or 20% of the ground truth duration, whichever is larger.

4.4 Results

We conduct several experiments to verify our implemen-
tation of Onsets & Frames, and to assess the strength of
various features. We use np;ns = 229 and HTK frequency
spacing for Mel spectrogram, as in [2]. We choose f,in ~
32.7 Hz, nyins = 252 and nyp, = 36, or 3 bins per semi-
tone for CQT and VQT. We calculate v = Ofgéz o such
that all filters have a bandwidth proportional to the ERB
scale by a constant factor [37] for the VQT experiment. We
also experiment with an untrained filterbank initialized us-
ing the harmonic comb strategy (H = {1,...,5}). Results
for these experiments are provided at the top of Table 1.
We observe that Mel spectrogram performs best in every
metric besides note-onsets for MAPS, where the untrained
comb filterbank slightly outperforms it. Interestingly, the
comb filterbank is inferior in all other metrics.

Next we conduct several filterbank learning experiments
where the output of the filterbank is fed to the model in-
stead of a TFR. The same VQT parameters used in the
baseline experiments are used to initialize the filterbanks.
We vary the filterbank variant, initialization, and regular-
ization method across all experiments. For Gaussian and
variational dropout, we initialize all log O’iyn = —10, and
for Bernoulli dropout we use a dropout rate of 10%. For
variational dropout, the KL-divergence term is scaled by a
factor of 0.01, such that the implicit sparsity objective does
not dominate the training process. Results for these filter-
bank experiments are provided at the bottom of Table 1.

The Hilbert transform-based architecture performs simi-
larly to the classic framework for random initialization, but
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Figure 2. Examples of filters from the hb+rnd+var experiment which exhibit a high degree of sparsity. These filters have
small weights and as such likely have little relevance to the downstream model.
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Figure 3. Examples of filters from the hb+rnd+var experiment which are well-localized within the receptive field and
exhibit coherent shapes in both the time- and frequency-domain.

performs slightly better for VQT initialization, which tends
to slightly outperform the random initialization. The vari-
ational dropout regularization method performs the best
among regularization methods on MAESTRO, though still
under experiments with no regularization. None of the
learned filterbanks outperform the fixed TFRs. Nonethe-
less, they demonstrate reasonable performance, even when
initialized randomly. The learned filterbanks, however, do
not seem to generalize very well to the MAPS dataset. In
terms of generalization to MAPS, the harmonic comb ini-
tialization does the best, and variational dropout generally
underperforms other regularization methods.

5. DISCUSSION

We provide visualization of a few examples from the fil-
terbank learning experiment corresponding to the Hilbert
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variant with random initialization and variational dropout
(hb+rnd+var), which we consider to have produced the
most interesting filters. These are presented in Fig. 2-
6. In each figure, the time-domain visualization for three
filters is displayed in the top row, with the corresponding
frequency-domain visualization for each respective filter in
the bottom row. The specific examples are chosen because
they appear to belong to the same category of learned filter.

In general, the filters learned for the hb+rnd+var experi-
ment tend to exhibit a high degree of sparsity, with coher-
ent shapes in both the time- and frequency-domain. Fig.
2 and Fig. 3 illustrate these properties, respectively. The
non-zero filter weights tend to be well-localized within the
receptive field, with weights closer to zero being closer to
the edges and more prominent weights being closer to the
center. The tendency of the filters to be sparse is highly
desirable, as it encourages more modular filters and leads
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Figure 4. Examples of filters from the hb+rnd+var experiment which support multiple frequencies.
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Figure 5. Examples of near-symmetric filters from the hb+rnd+var experiment comprising two impulse lobes.
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Figure 6. Examples of filters from the hb+rnd+var experiment which exhibit harmonic structure.
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to more interpretable shapes in time and frequency. In-
deed, it appears that the relevance of a filter can be directly
estimated from its amplitude, with less important or even
unused filters consisting of mostly near-zero weights rather
than random noise. Furthermore, all of the Hilbert variant
filters remain approximately analytic throughout the train-
ing process. We do not view the artifacts in the negative
frequency range to be problematic, and believe they had a
negligible effect on the outcome of experiments.

Some additional interesting qualities of the filters are ob-
served, which are presumably related to the modeling of
domain-specific characteristics for piano transcription. The
spectrum of the filters in Fig. 4 include multiple promi-
nent fundamental frequencies in clusters, which suggests
the filters may be modeling harmony or polyphonic piano
sounds. The filters in Fig. 5 are nearly symmetric, with
two lobes in the impulse response that have overlapping or
very close frequency peaks. These filters may be modeling
the attack and decay of a piano note with the same pitch.
Some of these filters, in addition to the filters in Fig. 6,
exhibit harmonic patterns in the frequency spectrum. In
particular, odd harmonics tend to be emphasized in these
filters. These observations suggest that the proposed fil-
terbank learning approach is capable of capturing lower-
level features which are relevant for music transcription,
and that the approach is likely extensible to similar tasks
where this type of information is valuable.

The reduced performance of the filterbank learning mod-
els can potentially be attributed to too little training or inad-
equate tuning of hyperparameters. We also speculate that
the consistency of piano data, coupled with large model
complexity, may have led to overfitting, as evidenced by
the lack of generalization to the MAPS dataset. State-of-
the-art methods with no filterbank learning already per-
form piano transcription with reasonable proficiency. As
such, it may be that a similar filterbank learning approach
would show much more promise in areas with less data and
less consistency, such as drum or guitar transcription.

Finally, we stress that the filterbank learning method de-
scribed in this paper is not presented as a competitive al-
ternative to state-of-the-art piano transcription methodolo-
gies. We do not offer a comprehensive comparison to such
approaches for this reason, but do acknowledge that there
are many better methods for the purpose of piano transcrip-
tion. One may question the utility or validity of the filter-
bank learning methods due to their reduced performance.
While superior performance would have been a nice out-
come, we are still quite impressed with the performance of
the filterbank learning models, especially the ones initial-
ized randomly. From this perspective, it is clear the pro-
posed methods, i.e., filterbank learning, are successful for
piano transcription, albeit not at the same level of perfor-
mance as standard TFRs like CQT or Mel-spectrogram.

6. CONCLUSION

A filterbank learning module and various techniques were
analyzed for the task of piano transcription. There are sev-
eral reasons to suggest that the learned filters model note
characteristics such as attack and decay, harmonic struc-
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ture and relative strength, or inharmonicity. Given these
are just hypotheses, a more objective explanation and anal-
ysis of the characteristics of the filters learned with our
methods is left to future work. We showed it is possible
to learn sparse filters from scratch, and that resulting fil-
ters differ significantly from those of the fixed transforms.
Although the learned filterbanks did not surpass the perfor-
mance of the fixed transforms, our method shows promise
in learning to model time-domain note characteristics, and
demonstrates that randomly initialized filterbanks can per-
form comparably to standard TFR initializations.
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