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ABSTRACT

Recent advancements in Automatic Drum Transcription
(ADT) have improved overall transcription performance.
However, state-of-the-art (SOTA) models still struggle
with certain drum classes, particularly toms and cym-
bals, and the specific factors limiting their performance
remain unclear. This paper addresses this gap by lever-
aging the Separate-Tracks-Annotate-Resynthesize Drums
(STAR Drums) dataset to create multiple dataset versions
that systematically eliminate potential performance con-
straints. We conduct experiments using three common
ADT deep neural network (DNN) architectures to identify
and quantify these limitations. For drum transcription in
the presence of melodic instruments (DTM), the primary
limiting factor is interference from melodic instruments
and singing. Aside from this, performance improves by
approximately five percent when training and testing use
the same single drum kit, only strong onsets are present,
or notes are not played simultaneously. For drum tran-
scription of drum-only recordings (DTD), nearly error-free
transcription is achieved when simultaneous onsets are re-
moved. This confirms that overlapping drum hits are the
main performance constraint. By identifying key ADT
challenges, we provide insights to enhance SOTA models
and improve overall transcription accuracy.

1. INTRODUCTION

As a sub-field of Automatic Music Transcription (AMT)
within the broader field of Music Information Retrieval
(MIR), Automatic Drum Transcription (ADT) focuses on
identifying and classifying drum sounds in audio signals.
Drum transcription of drum-only recordings (DTD) is con-
sidered less challenging due to the absence of sounds origi-
nating from other instruments, whereas drum transcription
in the presence of melodic instruments (DTM) presents
the challenge of drum sounds potentially being masked by
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melodic instruments and singing, or non-drum sounds be-
ing misclassified as drums [1].

Applications of ADT include music education software
that provides real-time feedback for students practicing on
acoustic drum kits, and music production tools that use
transcriptions to add or replace drum samples [1].

For these applications, high-quality drum transcription
is essential. However, achieving this requires overcoming
several key challenges:

¢ Interference from melodic instruments and vocals,
which can mask drum sounds [1].

e Overlapping drum sounds from different classes,
leading to mutual masking [2].

* Weak onsets, which are difficult to detect due to low
loudness and energy [3].

* Limited generalization, which affects transcription
performance across diverse datasets.

We systematically investigate and quantify the im-
pact of these challenges by creating multiple versions
of the Separate-Tracks-Annotate-Resynthesize Drums
(STAR Drums) dataset [4] that simplify the ADT problem.

Our main contribution is to provide insights into perfor-
mance improvements achievable by systematically elimi-
nating limiting factors in training and test data. Experi-
ments are conducted for DTM and DTD separately, sup-
porting the development of more robust ADT algorithms
and a deeper understanding of the problem.

The paper is structured as follows: Section 2 reviews
related work, Section 3 describes the methodology, Section
4 details the experiments, Section 5 presents the results,
and Section 6 concludes.

2. RELATED WORK

The emergence of deep neural networks (DNNs) in ADT
improved transcription performance. In [5], various Con-
volutional Neural Network (CNN) and Convolutional Re-
current Neural Network (CRNN) architectures were com-
pared, and later, these were trained on large amounts of
synthetic data generated from MIDI files, combined with
smaller manually labeled datasets [2].

Subsequent works [4,6-9] have cited [2] or [5] as state
of the art (SOTA), and explored improvements using dif-
ferent datasets or alternative DNN architectures.
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Few shot learning (FSL) has been applied to ADT with
promising results, though it required examples for each
class at inference time [6]. Dynamic FSL addressed this by
eliminating the need to provide examples for drum classes
present in initial training, while still allowing adaptation to
drum sounds at inference time [4].

The authors of [7] and [10] created the Automatic
Drums Transcription On Fire (ADTOF) dataset us-
ing crowd-sourced annotations and trained models with
CRNN and CNN architectures incorporating self-attention.
Both frame-wise and tatum grid synchronized models
achieved similar performance. Tatum-level attention-
based networks were also effective in [11].

In [8], the A2MD dataset was created using semi-
automatic labeling. The proposed models also evaluated
beat information, resulting in a modest performance in-
crease. The authors of [9] employed a language model to
regularize training for suppressing musically unnatural on-
sets. While this approach improved performance, the tran-
scription was limited to the three main drum instruments,
bass drum, snare drum, and hi-hat.

While state-of-the-art (SOTA) algorithms for DTM
achieve good overall performance (global F-measures
above 0.8 on hand-annotated datasets [3, 10]), classes such
as toms and cymbals still show mediocre results.

In [3], the performance of models trained on the
ADTOF dataset is analyzed in detail. Several hypotheses
are proposed to explain transcription errors. The issue of
soft onsets being masked is partly investigated by intro-
ducing a tempo octave F-measure, which disregards errors
when transcriptions occur at half or double the tempo. The
underlying assumption is that especially cymbals are often
played with alternating weak and strong onsets, resulting
in every second weak onset being missed. Additionally,
confusion matrices are used to analyze class confusions,
revealing similar problems identified in [2]: Misclassifi-
cation frequently occurs among similar sounding instru-
ments, such as hi-hat and cymbals. Other common errors
are linked to weak onsets, characterized by low loudness,
or masking effects.

In this paper, we go beyond describing current SOTA
performance by attributing the remaining performance
gap to to a perfect transcription to specific performance-
limiting factors. This allows us to target these factors in
future work and estimate the potential maximum perfor-
mance gains.

3. METHODOLOGY

We take advantage of the STAR Drums dataset, first uti-
lized in [4], to create training and test data where drum
stems are modified to eliminate potential error sources,
thereby progressively reducing the complexity of the ADT
task. STAR Drums is created from audio recordings in-
cluding melodic instruments, singing, and drums. We ei-
ther utilize audio data provided as separate drum and non-
drum stems or apply a Music Source Separation (MSS) al-
gorithm to separate mixture recordings into drum and non-
drum stems.

Subsequently, we annotate the drum stem using an ADT
algorithm published alongside [2] and regard this infor-
mation as estimated reference annotation. We then re-
synthesize the drums by rendering the estimated reference
annotations using several virtual drum kits and normal-
ize the loudness of the re-synthesized drum stem accord-
ing to Recommendation ITU-R BS1770-4 (2015) to match
the loudness of the original drum stem. Finally, the re-
synthesized drum stem is mixed with the original non-
drum stem to create the audio signal for training an testing
ADT algorithms.

The input data for STAR Drums originates from
MUSDBI18 [12], ISMIRO04 [13], and MTG-Jamendo [14].
With data from ISMIRO04 (originally for genre classifica-
tion), STAR Drums covers a wide range of genres, while
Rock and Pop are emphasized due to MUSDBI18 and
MTG-Jamendo. The data from MUSDBI18 is used for val-
idation and testing because it is already available as stems,
thus avoiding biases in the results caused by artifacts intro-
duced by MSS. By using 60 s excerpts from ISMIR04 and
MTG-Jamendo data and full items from MUSDBI18, we
achieve reasonable ratios between the lengths of training,
validation, and test splits, corresponding to 114.7 h, 8.3 h,
and 1.6 h, respectively.

STAR Drums contains recordings of instruments played
by musicians and vocals, unlike fully synthetic datasets. In
[4], STAR Drums outperformed training with Slakh [15],
which uses only synthetic data. STAR Drums also allows
full control over the re-synthesized drum stem, unlike other
datasets [7, 8, 10] where separate drum stems are unavail-
able and drum sounds cannot be modified. Additionally,
the results are not affected by labeling errors, as only the
re-synthesized drum stem, which matches the estimated
annotation exactly, is included. In contrast, the extent of
labeling errors in ADTOF is unknown, and even human
annotators often not fully agree as demonstrated in [3].

Leveraging STAR Drums’s flexibility, we create simpli-
fied versions of the re-synthesized drum stem to systemati-
cally reduce ADT task complexity, allowing precise quan-
tification of key limiting factors.

Table 1 presents the five variants of STAR Drums and
the specific research questions they are designed to ad-
dress. The 20Kits version, serving as the baseline, uti-
lizes 20 virtual drum kits to generate the re-synthesized
drum stem. It includes simultaneous onsets and captures
a full dynamic range, with MIDI velocity values from 40
to 127. The performance of models trained on differ-
ent STAR Drums variants will be evaluated relative to this
baseline.

For 10Kits, we divide the 20 virtual drum Kits into two
distinct splits and train a model on each. To evaluate the
impact of identical drum sounds in training and testing, we
first test each model on the split it was trained on. Addi-
tionally, we perform 2-way cross-validation by testing each
model on the split it was not trained on, which allows us to
assess performance when the drum sounds in training and
testing differ.

The 1Kit version is created using a single drum kit. We
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STAR Drums Variant ‘ Identifier

Research Question

20 drum kits 20Kits Baseline
How does training and testing with a reduced number of different
. . S i rf ?
10 drum kits (two splits) | 10Kits drum sounds impact performance

How does testing with drum sounds not included in training
impact performance?

1 drum kit (four splits) 1Kit

How does training and testing with a reduced number of different
drum sounds impact performance?

How does testing with drum sounds not included in training
impact performance?

20 drum kits - . How does the absence of weak onsets in training and testing
20KitsNoWeak | .

No weak onsets impact performance?

20 drum kits - . . How does the absence of simultaneous onsets in training and testing
20KitsNoSim

No simultaneous onsets

impact performance?

Table 1. Variants of STAR Drums with identifier and corresponding research questions.

repeat the dataset creation, training, and testing with four
different drum kits to enhance generalizability and perform
the same evaluation as for 10Kits, assessing performance
with both identical and different drum sounds in training
and testing. For clarity, we report only the averaged per-
formance across all splits for 10Kits and 1Kit.

The goal of 10Kits and 1Kit is to examine how the
presence of identical versus different drum sounds in train-
ing and testing impacts performance. Additionally, we as-
sess how reducing the number of drum kits affects tran-
scription accuracy in both scenarios.

20KitsNoWeak uses all 20 virtual drum kits and con-
tains only strong onsets with high loudness by limiting the
MIDI velocity range to 100 to 127 during dataset creation,
providing insight into the influence of weak onsets, char-
acterized by low loudness, on transcription performance.

Lastly, we create the 20KitsNoSim version by using all
20 virtual drum kits and ensuring a minimum inter-onset
interval of 50 ms during the re-synthesis process to investi-
gate the effect of simultaneous onsets. In cases where mul-
tiple onsets occur within a 50 ms window, we randomly
choose one onset and discard the others.

For each of the five variants, we generate both a drum-
only version and a full-mix version to compare transcrip-
tion performance in the more challenging DTM scenario
against the less demanding DTD scenario.

4. EXPERIMENTS

We train models using each of the five variants of
STAR Drums listed in Table 1 across three different ar-
chitectures. An overview of the DNN architectures used
is provided in Table 2. The models process monaural mel
spectra with 96 bands and an upper cut-off frequency of
16 kHz. The spectra are computed using a 1024-point
short-time Fourier transform (STFT) with a hop length
of 512 samples, derived from audio signals sampled at
48 kHz, resulting in a frame length of 10.7 ms.

While all models utilize CNN layers, the CRNN
model additionally incorporates Recurrent Neural Network
(RNN) layers, and the CNNSA model employs self-attention
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Model Architecture

5 CNN layers

3 Dense layers
4 CNN layers

3 RNN layers

3 Dense layers
4 CNN layers

2 Self-att. layers
3 Dense layers

# Frames | # Parms.

CNN 25 2.4M

CRNN 400 2.9M

CNNSA 400 6.9M

Table 2. Overview of models used, including input frame
length, parameter count, and architectural details.

layers. Each model incorporates three dense layers to map
the output to the number of classes, followed by a sigmoid
activation function to generate probability estimates.

The CNN model operates on blocks of 25 STFT frames.
Networks utilizing RNN or self-attention layers can cap-
ture temporal dependencies in the input data, allowing
them to process larger blocks of 400 STFT frames for im-
proved context modeling. Similar block lengths were pro-
posed in [5, 10].

We categorize onsets into eight classes, following the
mapping proposed in [2]: bass drum, snare drum, hi-hat,
toms, bell, cymbals, ride cymbals, and clave. To consider a
wide range of drum sounds, we avoid using the three-class
mapping, only including bass drum, snare drum, and hi-
hat, and the five-class mapping utilized in [3,7,10]. At the
same time, we refrain from using the 18-class mapping, as
used in [2], since it remains unclear to which extent classi-
fication ambiguities arising from the fine-grained mapping
impact performance. As noted in [2], no clear frequency
ranges exist for low, mid, and high toms. Additionally,
distinguishing between sounds like closed hi-hat and pedal
hi-hat can be challenging, even for humans.

Onset times are extracted from the detection probabil-
ities using a peak picking algorithm with a fixed thresh-
old of 0.55 across all classes. We identify true positives,
false positives, and false negatives using a tolerance win-
dow of 50 ms, following [3, 10], with the Python package
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Test Dataset Same drums | Model Train Dataset
train + test? 20Kits 10Kits 1Kit 20KitsNoWeak | 20KitsNoSim
DTM DTD | DTM DTD | DTM DTD | DTM DTD DTM DTD
CNN 0.73 0.89 0.71 0.85 0.56 0.64
20Kits v CRNN 0.78 0.91 0.76 0.87 0.58 0.65
CNNSA | 0.78 0.91 0.75 0.86 0.59 0.64
CNN 0.73 0.89
10Kits v CRNN 0.79 0.91
CNNSA 0.78 0.91
CNN 0.67 0.78
10Kits X CRNN 0.73 0.81
CNNSA 0.71 0.81
CNN 0.78 0.91
1Kit v CRNN 0.82 0.92
CNNSA 0.80 0.92
CNN 0.61 0.70
1Kit X CRNN 0.64 0.71
CNNSA 0.64 0.71
CNN 0.74 0.89 0.77 0.90
20KitsNoWeak v CRNN 0.80 091 0.82 0.92
CNNSA | 0.79 0.91 0.83 0.92
CNN 0.71 0.92 0.77 0.97
20KitsNoSim v CRNN 0.78 0.94 0.83 0.98
CNNSA | 0.75 0.94 0.81 0.98
CNN 0.70 0.74 0.69 0.72 0.62 0.63 0.69 0.73 0.62 0.65
ENST Drums X CRNN 0.73 0.76 0.73 0.73 0.65 0.64 0.72 0.75 0.62 0.65
CNNSA | 0.73 0.76 0.71 0.73 0.64 0.66 0.71 0.73 0.62 0.63
CNN 0.71 0.79 0.71 0.76 0.64 0.65 0.71 0.79 0.66 0.74
MDB Drums X CRNN 0.75 0.74 0.73 0.74 0.63 0.64 0.72 0.75 0.66 0.73
CNNSA | 0.71 0.76 0.69 0.73 0.61 0.63 0.71 0.78 0.67 0.71

Table 3. Results in terms of global F-measure when training and testing on different STAR Drums versions using the CNN,
the CRNN, and the CNNSA model for DTM and DTD. The last two rows show results for MDB Drums and ENST Drums.

mir_eval [16]. The global F-measure is used for perfor-
mance comparison and is computed using micro averag-
ing [17], which involves summing all true positives, false
positives, and false negatives across all classes and tracks
before calculating the F-measure. This approach assigns
equal weight to every onset.

In addition to testing on the STAR Drums test split,
we use MDB Drums [18] and ENST Drums [19], pub-
licly available ADT datasets commonly used for testing.
MDB Drums and ENST Drums include 0.4 and 1.0h of
hand-annotated audio, respectively, provided as complete
mixtures containing recordings of drum sounds alongside
melodic instruments. Additionally, drum-only stems are
provided by the authors.

S. RESULTS

Table 3 presents the results of all experiments. For clar-
ity, we evaluate only the combinations of training and test
datasets that address the research questions in Table 1.
Each cell in Table 3 shows two global F-measures for the
three model architectures from Table 2, where the first row
corresponds to the CNN model, the second row to the CRNN,
and the third row to the CNNSA model. The first value is
the global F-measure for DTM, and the second value is for
DTD. The results for the single splits of 10Kits and 1Kit
are averaged.

Overall, the CRNN and CNNSA models outperform the
CNN model, aligning with the findings of [2]. The CNNSA

model achieves similar performance to the CRNN model, as
observed in [10]. The best performance on MDB Drums
and ENST Drums with an F-measure of 0.75 and 0.73, re-
spectively, is slightly lower than reported in [10], likely
due to their use of a less challenging five-class mapping.
In all experiments with STAR Drums, DTD performance
surpasses DTM performance.

In the following subsections, we provide a detailed anal-
ysis of the results in relation to the research questions out-
lined in Table 1.

5.1 Reducing the Number of Drum Kits

Performance remains similar for DTM when the number
of drum Kkits in training and testing is reduced from 20 to
10 (10Kits), provided the drum sounds are identical. In
contrast, performance decreases when drum kits in training
and testing differ. For instance, comparing 20Kits and
10Kits, the results for the CNN model decrease from 0.73
to 0.67 and for the CRNN model from 0.78 to 0.73.

Reducing from 20 (20Kits) to 1 drum kit (1Kit) that
is identical in training and testing, increases DTM perfor-
mance notably for the CNN and CRNN models from 0.73 to
0.78 and 0.78 to 0.82, respectively. This performance im-
provement suggests that, in DTM, it can be beneficial for
a model not to have to generalize across many different
drum kits. Conversely, using 1Kit with different drum kits
in training and testing leads to a significant performance
drop.

The first and last two rows of Table 3 show slight DTM
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performance decreases for models trained on 10Kits com-
pared to 20Kits when testing on 20Kits and MDB Drums
(CRNN: 0.78 to 0.76 and 0.75 to 0.73), with performance
remaining constant on ENST Drums. In contrast, training
with 1Kit leads to lower performance for all models, with
the CRNN model dropping to 0.63 on MDB Drums.

MDB Drums and ENST Drums include different drum
sounds than STAR Drums, featuring recorded drums rather
than synthesized audio. The small performance decrease
observed for training with 10Kits suggests that even a
relatively low number of virtual drum kits allows for the
models to perform well on unseen real-world data.

For DTD, a greater performance decrease compared to
DTM is observed with 10Kits when the drum kits dif-
fer between training and testing (CRNN: 0.91 to 0.81). For
1Kit, we see a performance decrease of up to 0.2 in F-
measure (CRNN: 0.91 to 0.71). This decline may be at-
tributed to DTM benefiting from the presence of melodic
instruments and singing, which act as implicit data aug-
mentation by introducing background noise to the drum
sounds [20]. Consequently, in DTM, the model does not
rely as heavily on training with a diverse range of drum
sounds as it does for DTD. In contrast, DTD is more
prone to overfitting due to the lack of this additional vari-
ability. When drum Kkits are identical in both training and
testing, performance remains consistent across 20 and 10
drum kits. For one drum kit, the performance increase is
less pronounced than for DTM (CNNSA: 0.91 to 0.92).

In summary, DTM generally performs worse than DTD
but benefits more when drum sounds in training and test
are consistent and origin from a single drum kit. In con-
trast, DTD relies more on diverse drum sounds for robust
generalization.

5.2 No Weak Onsets

For DTM, using 20KitsNoWeak in training and testing,
where the velocity of weak notes is increased to include
only strong onsets, results in a performance improvement
across all models, with an increase of 0.04 to 0.05 in F-
measure. For example, the CNN model’s global F-measure
improves from 0.73 to 0.77.

For DTD, there is a consistent but small performance
increase across all models, indicating the transcription er-
rors related to weak onsets are not a strong performance-
limiting factor for DTD.

When only testing on 20KitsNoWeak and training on
20Kits, the performance for DTM increases slightly and
remains constant for DTD.

5.3 No Simultaneous Onsets

In DTM, using a dataset which does not include simultane-
ous onsets (20KitsNoSim) leads to a performance increase
similar to that achieved by avoiding weak onsets, with im-
provements ranging from 0.03 to 0.05 in F-measure (CRNN:
0.78 to 0.83).

For DTD, simultaneous onsets are the main
performance-limiting factor when training and test-
ing with identical drum sounds, resulting in an F-measure
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increase of 0.07 to 0.08 when eliminated. This results
in a nearly perfect transcription performance with an F-
measure 0.98 for the CRNN and CNNSA models, compared
to 0.91 on 20Kits.

When testing on 20KitsNoSim after training on
20Kits, performance remains constant for the CRNN model
and decreases for the other two architectures for DTM.
This decrease is mainly due to a reduction in precision,
especially for bass drum and snare drum. A possible ex-
planation is that the models, having learned conventions
about classes frequently occurring simultaneously, gener-
ate more false positives when such simultaneity is absent
in the test data. For DTD, we observe a smaller perfor-
mance gain compared to when both training and testing
are conducted on 20KitsNoSim.

5.4 Comparison of DTM and DTD Performance

The presence of melodic instruments and singing signifi-
cantly limits DTM performance, leading to worse results
in all evaluations carried out with STAR Drums. For DTD,
simultaneous onsets are the only significant performance-
limiting factor when drum sounds in training and testing
are identical, while DTM performance is also affected by
weak onsets and can increase when drum sounds originate
from one single and identical drum kit in training and test-
ing.

In DTM, models trained with the 20Kits dataset gener-
alized well to the drum sounds of MDB Drums, resulting
in a small performance gap of 0.02 to 0.07 in F-measure
between the results for the 20Kits test split and MDB
Drums (CNN: 0.73 and 0.71). Conversely, models trained
for DTD on 20Kits exhibited a larger performance gap,
ranging from 0.1 to 0.17 in F-measure (CNNSA: 0.91 and
0.76). The reasons may be again attributed to melodic in-
struments and singing serving as data augmentation as out-
lined in Section 5.1.

5.5 Relative Performance Changes

Table 4 summarizes findings relative to the research ques-
tions outlined in Table 1. To provide a clearer understand-
ing of the performance changes detailed in Table 3, we first
calculated the average global F-measure across all three
model architectures for each STAR Drums variant. Sub-
sequently, we computed the relative performance changes
by dividing these averages from each variant by the aver-
age global F-measure of the 20Kits variant. Values are
provided for both DTM and DTD.

For DTM, transcription performance improves by 5.0 %
when all drum sounds during training and testing origin
from the same drum kit. For DTD, the same experiment
results in an 1.6 % improvement.

When drum Kkits in training and testing differ, reducing
the number of drum kits from 20 to 10 leads to an 8.1 %
performance drop for DTM and 11.3 % decrease for DTD.
Further reducing to a single drum Kit results in a 17.4 %
decrease for DTM and a 21.5 % decrease for DTD. These
findings suggest that diverse drum sounds in training are
more critical for DTD than for DTM.
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Change in global F-measure
How does transcription performance change when ... gelng "
DTM DTD

....reducing the number (?f kits ip training frlom 20to 1, 15.0% 11.6%
with same drum sounds in training and testing.
... reducing the number of kits in training from 20 to 10,

L o . —8.1% —11.3%
with different drum sounds in training and testing.
... reducing the number of Kkits in training from 20 to 1,
with different drum sounds in training and testing. —174% —21.5%
... no weak onsets are present. +5.5% +1.1%
... no simultaneous onsets are present. +5.1% +8.5%
... no sounds of melodic instruments and singing are present. +14.5%

Table 4. Relative changes in global F-measure averaged across used DNN architectures when comparing the results of
different versions of STAR Drums and when comparing all DTM results to all DTD results across all STAR Drums versions.

The absence of weak and simultaneous onsets in DTM
leads to similar performance increases of 5.5 % and 5.1 %,
respectively. In contrast, weak onsets have a minimal im-
pact on DTD, with only an 1.1 % increase. However, pre-
venting simultaneous onsets in DTD yields a more sub-
stantial performance increase of 8.5 %.

Finally, performing DTD compared to DTM results in
an average performance increase of 14.5 % across all ex-
periments conducted using STAR Drums variants.

5.6 Qualitative Analysis of Transcription Errors

After presenting the quantitative results, we manually
inspected transcriptions from the best-performing CRNN
model (trained on 20Kits) for MDB Drums to identify
systematic errors related to previous findings and the chal-
lenges outlined in Section 1.

Jazz excerpts with many soft onsets are challenging:
weak snare, bass drum, and cymbal onsets are often missed
in DTM. Additionally, percussive events from melodic in-
struments can cause false positives. For example, accentu-
ated bass guitar notes are sometimes labeled as bass drum
hits.

When a cymbal’s decay overlaps with the attack of an-
other drum sound, the system may falsely detect a cymbal
in DTM, while the transcription is correct for DTD. Si-
multaneous hi-hat and snare sounds are sometimes missed,
presumably due to masking and similar spectral features.
In contrast, false positive hi-hat detections can occur when
only snare drum is active. Similar confusions arise be-
tween bass drum and low toms, and between low-pitched
snares and toms. Heavily distorted drum sounds in some
items are not classified reliably, presumably because they
differ too much from the sounds included in training.

These observations support our quantitative findings:
simultaneity of drum sounds, weak onsets, limited general-
ization, and interference from melodic instruments remain
key challenges for modern ADT systems.

6. CONCLUSION

In this study, we utilized the STAR Drums dataset to quan-
tify several performance-limiting factors in ADT. We cre-

ated five increasingly simplified versions of STAR Drums
and conducted experiments using three different DNN ar-
chitectures.

Our findings highlight three factors in DTM that in-
crease performance by approximately 5 % each:

* Training and testing use identical drum sounds orig-
inating from a single Kkit.

* No weak onsets are present.
* No simultaneous onsets are present.

For DTD, simultaneous onsets are the central
performance-limiting factor, with nearly error-free tran-
scriptions achieved in their absence. Moreover, DTD ben-
efits more from a diverse set of training drum kits than
DTM.

Increasing the diversity of training data of STAR Drums
can be achieved by employing various data augmentation
techniques, such as pitch shifting, dynamic range compres-
sion, and reverberation.

Our findings suggest that the transcription quality of
music education apps, which analyze student recordings
to provide feedback, will decrease if a student plays ad-
vanced drum patterns with more simultaneous onsets, or
uses a kit whose timbre differs strongly from the training
data. Employing FSL could help mimic the effects of hav-
ing identical drum sounds for training and testing. Addi-
tionally, creating versions of STAR Drums with a higher
number of simultaneous onsets with varying class combi-
nations could facilitate efficient learning of these complex
scenarios.

In music production tools that use transcriptions to
add or replace drum samples, genre-specific playing styles
matter: for example, a jazz track with frequent soft ride and
ghost notes will be transcribed less accurately than a pop
track with more uniform dynamics, especially for DTM.
Exploring the optimal ratio of weak to strong onsets in
STAR Drums could further contribute to performance im-
provements.

By sharing these insights, we aim to support further ad-
vancements in ADT by providing clear indications of how
addressing key challenges can enhance transcription per-
formance.
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