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Abstract. The challenge of transcribing audio into symbolic notations
is a well-known problem in music information retrieval. In this work, we
explore a novel task – automatic music transcription for Beatbox sounds,
also known as Vocal Percussions. As Beatbox sounds cannot be created
in a synthetic manner, they inherently vary within the same speaker as
well as across different speakers. To address this, we propose BaDumTss,
which makes use of a pretraining strategy over a novel sequence traversal
method, thereby ensuring robustness and efficiency against new Beatbox
sequences. Furthermore, BaDumTss is agnostic to time-based stretches
and warps, as well as amplitude changes in the Beatbox sequence. It
predicts both onsets and frame-set in a multi-task manner while gaining
a whopping 56% and 326% relative improvement frame-set and onset-
level F1 scores over the best performing baseline respectively. We also
release an annotated dataset of monophonic Beatbox sequences along
with their corresponding MIDI labels, the first of its kind comprising
Beatbox samples with different variations such as time-stretches, pitch
shifts, and added noise.

Keywords: Automatic music transcription · Multi-task learning ·
Sequence modelling

1 Introduction

Vocal percussion, aka Beatboxing, is perhaps the most intuitive way to express a
rhythm without the use of an actual instrument. A Beatbox makes use of several
techniques to replicate different instruments in an actual drum. For example,
both Beatboxing and Drumming have instruments like kicks, Hi-hats, etc. that
have distinct sounds. However, like any other musical piece, transcribing it is
not only tedious but also an immensely challenging task. It is difficult even for
humans to identify which beat was played when and for how long. Thus, the
need for automatic transcription methods is dire. Along with these challenges,
Beatboxing brings forth additional constraints like biometric factors, since each
person has a different voice, style and volume. One way to transcribe a Beatbox
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sequence into valid symbolic representation is to convert it into MIDI (Musical
Instrument Digital Interface) representations. A MIDI sequence is a lossless way
of encoding information of the audio as well as the metadata.

In our work, we focus our attention on the problem of Beatbox transcrip-
tion and address the following two problems:

1. How can we create Beatbox transcription datasets that adhere to natural
constraints like biometric factors that Beatboxing suffers from, as well as
maintain the general percussive patterns of the Beatbox sequences?

2. Can we also design an efficient yet robust system that improves previous
transcription results but with lesser additional resources?

In this work, we study the problem of Beatbox transcription in detail – from
developing a novel, fully annotated dataset to designing a new method for the
task. Our primary contributions in this work can be summarised as follows:

1. We present a novel dataset1 consisting of Beatbox sequences, accompanied
by corresponding MIDI annotations. We also conduct a user-study that vali-
dates that our generated Beatbox sequences are musically cohesive, and dis-
tinct from random sounding Beatbox instruments that are stitched together.

2. Inspired by the recent success of pretraining in other domains, we pro-
pose BaDumTss, a U-Net based unsupervised pretraining unit, followed by
a novel Bottled Sequence Traversal Unit and a multi-task autoencoder to
strengthen BaDumTss towards high-level changes like new sequences, and
low-level changes like time and amplitude shifts, as well as jointly predicting
onsets and frame-sets.

2 Related Work

2.1 Automatic Music Transcription

Automatic Music transcription (AMT) has long been studied, and various tech-
niques have been proposed for the ultimate goal of representing any kind of
instrument in a human/machine-readable file format. Early machine learning
techniques for AMT relied on hand-crafted feature extraction. One such work
on polyphonic piano transcription [20] proposes a discriminative model based on
frame-level SVM for pitch classification and note-level Hidden Markov Models
[1]. However, such methods have become outdated as machine learning based
techniques generalize poorly on a large corpus of multiple instruments.

Drum Transcription. Vocal percussion sounds are an imitation of drum
sound patterns, and parallels can be drawn between these two transcription
tasks. Most datasets for Automatic Drum Transcription (ADT) are still of lim-
ited size, which has led to DrummerNet [3], an unsupervised method and the
state-of-the-art system for ADT. It contains a series of U-net [13] variants, which

1 The source code and dataset are available at https://github.com/LCS2-IIITD/BaDu
mTss-PAKDD22.

https://github.com/LCS2-IIITD/BaDumTss-PAKDD22
https://github.com/LCS2-IIITD/BaDumTss-PAKDD22
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in turn consist of 1-D convolution layers, recurrent layers, and gated Sparse-
max activation. Pedersoli and Yi [14] explored the idea of pre-stacking a U-net,
originally proposed to improve biomedical image segmentation. For drum-based
sequences containing rhytmic patterns, RNNs showed competitive results [21].
This has also led to similar variants like the usage of GRU in a solo drum con-
text as well as in polyphonic drum context. Furthermore, the application of a
bidirectional-RNN with soft attention mechanism [4] has also been explored.

Beatbox Transcription. As compared to other instruments like piano,
Beatbox transcription has been sparsely explored. A few techniques have been
proposed for vocal percussion sound recognition; however, they do not intro-
duce Beatbox sounds. One of the early studies [9] presented an Autonomous
Classifier Engine (ACE) based on C4.5 decision trees for classifying Beatbox-
ing sounds. It experimented on five type of instruments where each clip has
only one label/instrument. Other studies [10] included a Hidden Markov Model
(HMM) based model for the Beatbox instrument classification, in addition to
pitch analysis and onset detection for feature extraction. A variant of this work
[11] trained a fusion model based on HMM and Gaussian mixture model on a
larger vocabulary.

All the aforementioned models work well with (and are applied only on)
isolated samples. There is no evidence for good performance when applied to full-
length rhythmic sequences of vocal percussion. Moreover, none of these models
deal with onset detection of a beat in the music, which is necessary for a complete
transcription pipeline in order to generate the corresponding MIDI sequences.

2.2 Input Audio Representation

Earlier studies focused on feature extraction from raw audio signals, but the same
is now obsolete with the advent of deep learning models. Cheuk et al. [16] showed
that a significant improvement in transcription accuracy is possible by choosing
the right input representation. They concluded that the Mel spectrogram ensures
high transcription results even though it is a compact representation of the
original audio itself. Log-Mel Spectrogram is a variant of a mel spectrogram with
log-scaled amplitude values and is a popular choice used by current transcription
models for multiple instruments like piano [5] and drum [18].

2.3 Datasets for AMT

Standard datasets are available for popular instruments such as piano perfor-
mance and their corresponding MIDI files [8], and for drum performances and
aligned MIDI files [7,24]. However, Beatboxing itself does not include one spe-
cific instrument; rather it is a human imitating different percussion instrument
sounds. The most related work released a dataset [19], which was proposed for
vocal percussion analysis with the aim of improving algorithms for drum pattern
query by vocal imitation. Samples in these dataset are recorded by amateurs with
little or no experience in the art of Beatboxing and contain four different labels,
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Fig. 1. Data curation pipeline: on each individually extracted Beatbox sample, we
arbitrarily apply augmentations of three different types, which are then sewn together
into a sequence. This sequence is constructed by overlaying the samples over existing
drum-based transcription datasets. These Beatbox sequences are then used to generate
the ground-truth MIDI samples, and their corresponding Mel Spectrograms are used
as input to BaDumTss.

namely kick, snare, hithat open, and hihat close. This work concluded that onset
detection for Beatboxing is not a trivial task and invites a novel approach.

3 Proposed Dataset

Beatboxing is the art of generating percussive sounds from the human body. As
it is with any other human-centered dataset, the collection and annotation of
Beatbox samples and sequences is a very tedious task. Limited data is a com-
mon problem for any automatic music transcription task, and Beatbox datasets
impose several additional constraints. Firstly, we cannot prepare a completely
synthetic dataset using software and other tools as human voice is required for
the music to sound natural, which distinguishes a Beatbox sequence from a
regular Drum sequence. Secondly, since Beatbox samples need to be recorded
using some recording equipment, it adds other ungovernable factors affecting
sound quality while recording such as environmental noise. Lastly, for utilizing
any supervised learning algorithm, annotations in the form of a regular tex-
tual symbolic representation like the MIDI file of the corresponding musical file
is essential; yet the MIDI-level annotation for Beatbox sequences is not only
tedious, but also prone to hearing errors. In this section, we detail our data
curation strategy – individual sample collection, data augmentation, Beatbox
sequence generation, and ground-truth MIDI generation. Figure 1 demonstrates
the architecture of the data collection process.

3.1 Beatbox Sample Collection

Given that Beatbox sequences are difficult to annotate, we begin our data collec-
tion at each sample level. We first begin by collecting individual Beatbox audio
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samples for four instruments - kick, snare, clap, hihat. These are samples that are
clipped from online tutorials for Beatboxing and our own samples. The ratio of
male to female Beatboxers in our dataset is 6:4, ensuring enough diversity with
respect to the fundamental frequencies (F0). With this, we end up with a total
of 176 unique Beatbox samples. The breakdown of samples at the instrument
level is provided in Table 1.

3.2 Data Augmentation

Using 176 collected samples, we create a semi-synthetic dataset by leveraging
data augmentation methods as described in [15] and implemented in [12]. Aug-
mented samples are generated by applying a random series of transformations for
heterogeneity. The augmentations that are applied are provided in detail below:

1. Pitch Shift: Keeping in mind the biometric factors responsible for each
human voice to be different from the other, pitch shifts are introduced in
the original audio samples. We generate a random fractional number, which
is then used to shift the pitch of an audio by a factor that ranges between
10 half-steps in both the directions – increasing or decreasing the pitch.

2. Time Stretching: In order to produce a factor of temporal variation, we
also introduce a random factor for time-stretch based augmentations to our
Beatbox samples. In the final dataset, the length of individual Beatbox
samples ranges between 85%–115% of the original duration.

3. Noise Injection: A tolerable amount of noise is injected in varying propor-
tions to the audio clips for different sound qualities. In order to inject real-
istic levels of noise to mimic real-world recordings that do not overshadow
the actual content of the sample, we add random noise whose amplitude
reaches a peak of 0.5% of the maximum amplitude of the sample.

4. Amplitude Shift: Keeping in mind the rhythmic sequence as well as the
distance of a recorder from the microphone, we shift the amplitude by 75%–
125% of the original sample.

A total of 5, 457 augmented sample from original Beatbox samples are cre-
ated. Table 1 shows the breakdown of samples at the instrument level.

3.3 Audio Sequence Generation

One of the ways to create a Beatbox sequence comprising the above generated
samples is to randomly stitch the samples together. However, such sequences
cannot be termed as Beatbox as they do not contain any percussive nature or
musicality, and end up sounding like noise.

In order to combine Beatbox samples, we make generate Beatbox sequences
from already existing drum-based transcription datasets. Extended Groove [7]
is one such large dataset with varying number of drum styles (like Jazz, Rock,
etc.). It is a polyphonic dataset wherein there are multiple overlapping beats
at the same time. For this work, we focus only on monophonic sequences; thus,



178 P. Mehta et al.

Table 1. For each of the four classes, Audio Samples (Original) denotes the total num-
ber of raw vocal percussion utterances, and Audio Samples (Augmented) denotes total
number of vocal percussion utterances generated with controlled synthetic augmenta-
tion.

Instrument #Original #Augmented

samples samples

Kick 54 1681

Snare 48 1467

HiHat 53 1653

Clap 21 656

Total 176 5457

we convert the drum sequences from polyphonic to monophonic by selecting the
instrument with the highest intensity at any given time-frame. We then overlay
the Beatbox samples, that are selected randomly within each instrument class,
as per the drum sequences present in the dataset.

3.4 User Study on the Generated Audio Sequences

We conduct a user study to determine the qualitative musicality of our dataset.
We curate a set of 10 randomly picked generated Beatbox sequences. Further-
more, to this set, we add 10 Beatbox sequences with randomly stitched samples,
i.e., the generation process includes randomly picking the Beatbox samples and
lining them one after another. We then randomly order these 20 sequences, and
ask our annotators to distinguish which of the sequences are randomly generated
and which of the sequences sound distinctly percussive.

For our study, we employ 27 annotators, out of which 17 have professional
music training. The inter-annotator agreement was seen to be substantially high,
for categorising the sequences into random and musically cohesive (Cohen’s
Kappa (κ) is 0.87). This validated that our generated dataset in fact was musi-
cally cohesive, and hence, appropriate to be used for a transcription task.

4 Proposed Methodology

Our proposed model architecture, BaDumTss, comprises of three primary compo-
nents - U-Net based pretraining followed by Bottled Sequence Traversal
and lastly, Multi-task Autoencoders. In this section, we explain our efforts
in designing these three components as well as their relevance in the overall task
of Beatbox transcription.

4.1 Pretraining Unit

A standard U-Net [13] architecture, designed originally for the task of seman-
tic segmentation in images, consists of three components – (i) a contracting
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Fig. 2. A schematic diagram of our proposed model, BaDumTss.

path, which is a vanilla convolutional neural network, morphing the input to
a bottle-necked representation of a certain dimension; (ii) an expansive path,
which performs deconvolutions to generate a feature map of the same size as the
input image, from the bottle-necked representations; and (iii) skip connections,
which is the stacking of corresponding layers of the convolutional stack with the
deconvolutional stack, used to prevent the catastrophic forgetting of information
learnt during the expansive path. One difference between the final feature map
and the input image is that the depth of the final feature map is same as the
number of classes that would be used for the final pixel classification.

To design our model, we make use of a U-Net for pretraining our entire
network structure. We begin by extracting the Mel spectrogram (M) of the audio
sequence, that is of the dimension N × T , where N is a pre-specified number
of Mels and T is the number of time frames in our Mel spectrogram. We treat
M as an input image which is passed through a standard U-Net architecture,
denoted by fΘ(·). However, we attempt to use U-Net to reconstruct the input
Mel spectrogram in the output feature map, Z = fΘ(M). Therefore, the number
of channels in our output feature space is the same as that of the input. We
make two major changes to the vanilla U-Net architecture – firstly, the number
of channels in the output feature map is the same as the input, thus deviating
from its intended usage for semantic segmentation; and secondly, we make use
of a reconstruction loss between the output feature map and the input image,



180 P. Mehta et al.

as given in Eq. 1. Therefore, our pretraining step is entirely unsupervised and
does not require any labels such as the MIDI sequence.

Reconstruction Loss =
n∑

i=1

(Zi − Mi)
2 (1)

This pretrained U-Net is different from an Autoencoder because unlike an
Autoencoder where the bottle-necked representation is used for downstream
tasks, we make use of the output feature space for the downstream transcrip-
tion task. Furthermore, we maintain the contracting and expansive paths as well
as skip connections as that of a U-Net, which are not present in a standard
Autoencoder.

4.2 Bottled Sequence Traversal Unit

The BST comprises four composite LSTM units - each of them taking in the out-
put of the U-Net as the input. However, each LSTM unit processes the sequence
differently. As it can be seen in Fig. 2, each LSTM unit processes its input either
in the forward direction or the reverse direction. We permute all such combina-
tions of two LSTMs together, resulting in four permutations. The final output of
the BST is the average of the output representations of these four LSTM permu-
tation units. Thus inherently making the model robust to a variety of samples,
without actually requiring these samples.

4.3 Multi-task Autoencoder Unit

The final unit of our model is a Multi-task Autoencoder Unit. The archi-
tecture of an Autoencoder is exactly the same as that of the U-Net, however,
an Autoencoder does not have skip connections. However, we branch out two
Autoencoders, both which take in the output provided by the BST as input.
One of the Autoencoders, called the Frame-set Auto-Encoder Unit is used
to predict the frame-sets, i.e., the Beatbox instrument corresponding to every
time-frame. The output of this Autoencoder is then compared with the ground-
truth frame-set matrix, with the help of a Cross-entropy Loss.

The second autoencoder, the onset autoencoder unit, is used to predict the
onsets, i.e., the start times of every note. The onset prediction is carried out as
follows - for each frame, a binary prediction is made, which characterises whether
an onset occurs in the given time-frame, which is then used to compare with the
ground truth onset matrix using the binary cross-entropy loss.

Thus, our model learns both the onsets and the frame-sets in a multi-task
manner, by sharing the Pretrained U-Net and the BST to learn generic sequence-
level information. The Multi-task autoencoder unit helps in learning frame-set
and onset level information separately, which are then trained in an end-to-end
fashion.
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Fig. 3. The flowchart detailing the process of generating the MIDI transcription for
an input representation using BaDumTss. Based on the predicted onsets, the infer-
ence pipeline decides whether a new Beatbox instrument is played, or the previous
instrument is held, for the given time-frame.

Table 2. Performance of BaDumTss and two baselines – AB and NE2E.

Frame-level metrics AB NE2E

XGB ADB RF SVM LR MLP PRESTK RNNDRUM BaDumTss

Frame-set F1 0.21 0.11 0.14 0.27 0.41 0.38 0.63 0.62 0.97

Frame-set accuracy 0.43 0.31 0.37 0.40 0.57 0.40 0.59 0.57 0.98

Onset F1 - - - - - - 0.08 0.23 0.98

4.4 Inference-Time MIDI Generation

After BaDumTss has been trained end-to-end, we can generate the transcribed
MIDI in the following manner:

1. We convert the test audio into a melspectrogram and pass it through the
model. We receive two outputs from the model - a frame-set matrix and an
onset matrix.

2. Given the onset matrix, for every onset in a time frame, we search for the
corresponding time-frame in the frame-set matrix and extract the predicted
Beatbox instrument. For any frame in the onset matrix where there are no
onsets found, we assume that the instrument is ‘held’, and thus, the Beatbox
instrument in the previous time-frame is used.

3. Thus, we now have time-dependent Beatbox instrument predicted, that can
be easily converted into the MIDI format.

Here, we note that the onsets prove to be very important, as they help us
determine when an instrument is being played newly, or carried over from the
previous time-frame. This technique is often used in polyphonic transcription
tasks, following [5]. Figure 3 details the process with the help of a flowchart.

5 Experimental Results

In our study, we focus only on frame-level and onset-level results, and not note-
level results. This is primarily because note-level results in a monophonic audio is
equivalent to developing an instrument classification pipeline for all the samples
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present in the sequence; whereas, frame-level and onset-level predictions directly
address the transcription task and is more like a localisation task - we need to
predict which sample occurs at what time.

We compare our method with two distinct categories of baselines –

1. Algorithmic Baselines (AB): Certain algorithms do not explicitly pre-
dict onsets; rather, it requires an algorithmic onset detection, followed by
frame-set prediction that is learnt by a model. Therefore, we tweak such
algorithms for a monophonic usecase - we begin by identifying onsets (the
time at which a sample starts playing) of each sample by first calculating
the onset strength envelope (a technique which determines where possible
onsets occur) and then further, selecting the peaks from this envelope. The
audio is then chunked on the basis of these detected onsets, which is then
fed into a classification pipeline, used for instrument classification. These
two-component baselines are then assembled together to create a transcrip-
tion pipeline for monophonic Beatbox sequences. For these baselines, since
onset detection is done algorithmically and not learnt, onset-level F1 scores
are not available.
For these baselines, we make use of the Librosa [12] implementation for
onset detection, followed by 7 state-of-the-art machine learning algorithms
- XGBoost (XGB), AdaBoost (ADB), Random Forests (RF), Support
Vector Machines (SVM), Logistic Regression (LR), Multi-layer perceptron
(MLP) and 2-Nearest Neighbours (KNN).

2. Neural End-to-End Baseline (NE2E): For these baselines, we focus on
those methods which are end-to-end – they do the onset as well as frame-set
prediction, together, and produce the final MIDI matrix during inference.
The baselines that we use are:

(a) Pre-stacked U-Net for Transcription (PRESTK) [14] - This model makes
use of a pre-stacked U-Net followed by CNNs for the task of polyphonic
transcription.

(b) RNN-based drum transcription (RNNDRUM) [21] - This model makes
use of an RNN-based architecture for the task of drum transcription.

Table 2 shows the performance of the competing methods in terms of Frame-
set accuracy and F1 score, as well as Onset F1 scores, for those cases where it
can be calculated. As we can observe, the algorithmic baselines fail to perform
competitively, when placed in comparison to neural end-to-end methods. This
is because for the latter, the onset prediction and instrument classification go
hand-in-hand with the end-to-end transcription process, as it has been shown
earlier in [5] for polyphonic transcription. BaDumTss beats the best baseline
(PRESTK), adding large relative improvements of 56% and 326% in Frame-set-
and onset-level F1 scores.

Ablation Study. Components of our architecture and conduct an ablation study
with different components separately. The architectures used in the ablation
study are shown below:
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Fig. 4. Ablation study and analysis: we observe that our proposed model not only
performs better, but also converges faster, when compared to other models used in
the ablation study. (a) and (b) demonstrate the Validation F1 and Accuracy scores
respectively with respect to training epochs. (c) demonstrates the Validation F1 scores
of Frame-set and Onset prediction for BaDumTss.

1. Autoencoder + Linear (AutoL): This makes use of the Autoencoder unit
followed by a linear layer.

2. BST + Autoencoder Unit (B+A): This architecture is the same as our
proposed model, minus the pretraining unit.

3. Pretraining Unit + Autoencoder Unit (P+A): This architecture is the same
as our proposed model, minus the BST.

4. BaDumTss with GRU (MGRU): This is the same as our proposed model,
but we replace LSTMs in the BST with GRUs.

5. Single forward LSTM + Autoencoder Unit (LSTMA: Here, instead of using
our LSTM permutations as described in the BST, we make use of a single
LSTM, followed by an autoencoder Unit.

6. Single forward GRU + Autoencoder Unit (GRUA): Same as above, but
with a single forward GRU rather than a single forward LSTM

7. 2D Convolutions + Linear Layers (2DL): We tweak the CNNs being used
so far, and instead make use of a series of 2D CNNs, followed by a linear
layer.

8. BaDumTsswith only one autoencoder Unit (BaDumTss-NM): This is the
non-multitask version of BaDumTss, wherein, we only make use of frame-set
level predictions for final MIDI generation. This does not contain an onset
autoencoder Unit.

Figure 4 shows the validation F1 and accuracy scores with respect to the
training epochs. We can clearly notice that BaDumTss not only converges faster
as compared to other configurations of its units, but also performs better by
a large margin. Another model that closely reaches the same F1 and accuracy
is MGRU and BaDumTss-NM, which is the same architecture as that of BaD-
umTss; however, the LSTM units are replaced by that of GRU in the BST and
BaDumTss-NM only predicts the frame-set. However, BaDumTss converges faster
than MGRU. Even though BaDumTss-NM seems to perform competitively with
BaDumTss, it encounters severe issues during inference time, which are discussed
in Sect. 6.
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6 Error Analysis: BaDumTss vs. BaDumTss-NM

As we can see in Fig. 4, the ablation study suggests that BaDumTss and BaD-
umTss-NM are competitively close to each other. Thus, one might argue why a
multi-task method is needed at all. This distinction is made during MIDI gen-
eration. For BaDumTss, Sect. 4.4 detailed our inference process for generating
MIDI transcriptions. However, for BaDumTss-NM, there are no predicted onsets.
Therefore, the predicted frame-sets are directly converted to MIDI. This process
has a caveat. It is observed that for sequences longer than 5 seconds, even though
BaDumTss-NM is able to correctly predict frames, their placement throughout
the sequence duration is haphazard. Most samples are off by a couple of frames,
thereby rendering the generated MIDIs useless, as it is not a direct transcription
of the original audio. BaDumTss on the other hand, is able to accurately predict
onsets and frames at the same time, thus, ensuring that the frames are correctly
placed throughout the sequence duration. This observation validates the usage
of a multi-task model for jointly predicting onsets and frames at the same time.

Another important observation is found in the Validation curves for Onset
and Frame-set prediction in Fig. 4. One can notice that Onset prediction takes
a significant amount of time to reach the same level of performance as frame-set
prediction. This can sometimes hamper the transcription performance, if the
training is stopped midway. Thus, even though BaDumTssis better at the overall
transcription task than BaDumTss-NM, it loses out on the training speed, as
onset predictions take time to reach the ideal performance. This can be improved
by employing pretraining strategies for learning onset behaviour, that can save
time while training the actual transcription model. We conclude that this is out
of scope for our current work.

7 Conclusion

In this work, we firstly developed a novel dataset consisting of Beatbox sequences,
along with their corresponding transcribed MIDI sequences as ground-truth.
We attempted to capture biometric differences and natural noise by modifying
recorded Beatbox samples with semi-synthetic augmentations. On this collected
dataset, we also proposed BaDumTss, a new method that is demonstratively
robust to new Beatbox sequences, as well as agnostic to time and amplitude-
based variations. It shows a 56% and 326% relative improvement on frame-set
and onset-level F1 scores over the best performing baseline. For future work, we
aim to further explore transformer-based pretraining strategies that would also
help us learn coherent musical structure present in musical sequences.
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