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This paper presents an algorithm for real-time polyphonic audio pattern detection designed
to be integrated into Smart Musical Instruments. Such instruments will enable musicians
to use predefined musical patterns as triggers for external peripherals such as stage lights,
haptic wearables, and mixed reality headsets during live performances. The paper first intro-
duces a Dataset of Polyphonic Patterns containing musical patterns with expressive variations
recorded by 20 musicians. Secondly, it presents an approach to classify audio segments in real-
time, consisting of a Recurrent Neural Network architecture. Thirdly, it compares the proposed
method against a traditional Dynamic Time Warping approach as a benchmark. Results show
that while the benchmark achieves higher precision (0.801 vs. 0.745), the proposed method
yields a better overall performance with an Fl-score of 0.760 compared to 0.655. Most im-
portantly, the proposed method exhibits a lower computational inference time (14.69ms vs.
1038.34ms) and reduced CPU usage (31.36% vs. 48.9%) when deployed on a Raspberry Pi
4. The low inference time meets the latency requirements necessary for real-time musical
applications and the system demonstrates the feasibility of embedded intelligence in musi-
cal instruments that can recognize polyphonic patterns with expressive variations during live

performances.

0 INTRODUCTION

The evolution of music technology has been marked
by key innovations that have transformed how music is
created, performed, and experienced. From the invention
of the electric guitar to the development of digital audio
workstations, each technological leap has opened new av-
enues for musical expression. Researchers and musicians
have been exploring the integration of sensing and embed-
ded computing technologies into both traditional and novel
musical instruments. In more recent years, this focus has
shifted towards leveraging advancements in sensors, ma-
chine learning, and connectivity to make musical instru-
ments smarter and more interactive. Such developments
have led to the emergence of a class of [Smart Musical In
which typically run real-time
[formation Retrieval (MIR)| methods on embedded devices
[L]. These instruments are a fundamental component of the
Internet of Musical Things [2], an extension of the Internet
of Things paradigm to the musical domain.

The detection of musical patterns is a fundamental task
in the field of with wide-ranging applications includ-
ing computational musicology, audio fingerprinting, music
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classification, and music recommendation. The presence of
repeating patterns is a significant aspect of music, as hu-
mans primarily recognize structure in music through the
perception of repetition within a piece [3} 4]. While con-
siderable research has been conducted on pattern detection
in recorded music, its real-time counterpart remains rela-
tively unexplored despite its significant potential for inno-
vative applications such as those of

The field of has seen significant advancements in
polyphonic pattern recognition [S)]. Polyphony implies the
existence of multiple simultaneous musical notes in mu-
sic, where pattern recognition becomes increasingly com-
plex as opposed to its monophonic counterpart - where
only a single musical note may exist at a given time.
Pattern recognition in polyphony is particularly complex
when attempted in real-time, especially within resource-
constrained embedded devices.

Real-time polyphonic pattern recognition requires algo-
rithms capable of processing complex audio signals with
minimal delay. Traditional methods may struggle with real-
time and polyphony [6l (7, [8]. Moreover, the computational
demands of real-time processing can be significant, neces-
sitating efficient and optimized solutions for use on embed-
ded systems to be integrated within musical instruments.
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This paper presents an algorithm created to facilitate the
creation of SMIs| with[Real-time Pattern Detection (RTPD)
capabilities. These instruments will allow the musician to
use a set of pre-defined musical patterns as triggers for ex-
ternal peripherals such as smoke machines, stage lights,
haptic wearables, and mixed reality headsets. These de-
vices can be used to supplement the music with other sen-
sory stimuli, effectively providing musicians with an ex-
tended set of controls through phrases performed on their
instruments. For instance, a potential use case would be
when a musician can configure the system to recognize a
specific musical phrase to trigger a stage light. The musi-
cian can play the phrase in a suitable section in the perfor-
mance, while the system will process the instrument output
continuously to detect if the pattern has been played. Upon
the musician playing the pattern and its subsequent detec-
tion, a control message can be sent to the light controller
software to trigger the stage light, effectively allowing the
musician to incorporate the light into their performance.

Previous work by the authors explored the integration
of symbolic monophonic pattern detection capabilities into
a prototype smart electric guitalﬂ [9]. The detection of pat-
terns from a monophonic stream represents a much simpler
task compared to polyphony. In addition, the use of sym-
bolic data, such as MIDI, makes the computations much
simpler but also limits the practical applicability of the
method to MIDI-enabled instruments. The use of acous-
tic or electric instruments necessitates a perfect audio-to-
MIDI conversion in real-time, which despite significant re-
cent advancements is still an unsolved problem [10].

The aim of this study is to address the limitations iden-
tified in previous works, while improving the system to
work with polyphony and audio. This paper highlights the
algorithm development and the design of the for
polyphonic audio Moreover, the proposed method
is compared against a traditional digital signal processing
method as a benchmark. This research also shows that the
proposed algorithm has a good accuracy, a latency accept-
able for real-time usage, as well as a low enough computa-
tional load to run on embedded devices.

This paper also presents a novel dataset specifically de-
signed to understand the level of expressive variation that
musicians may add when repeating musician patterns in
a live performance. The dataset was constructed with the
contribution of keyboard players and guitar players. The
musicians were free to use a combination of monophony
and polyphony when they were asked to first compose and
record a pattern, and then repeat the same pattern while in-
corporating expressive variations they would use in a live
setting.

1 Related Works

A comprehensive review and analysis of offline pattern
recognition techniques applied to polyphonic music tran-
scription is provided in [L1]. The authors discussed various

I A video of the system in operation is available at:
https://youtu_be/gkOgqTOT8ZXM
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approaches, including signal processing methods, machine
learning algorithms, and hybrid systems. Their work pro-
vided a foundation for subsequent research in automatic
music transcription. An extensive overview of the field of
pattern discovery in music is reported in [12]. The au-
thors reviewed existing techniques, discussed challenges,
and proposed future research directions.

The authors of [13] presented an offline method for dis-
covering repetitive note patterns in polyphonic music us-
ing music segmentation techniques. Their approach, based
on the Structural Features algorithm, identifies repeated
patterns by analyzing pitch and rhythm information. The
method showed promising results in detecting both exact
and approximate repetitions in complex polyphonic pieces,
demonstrating its potential for music analysis and informa-
tion retrieval tasks.

The paper reported in [14] introduced novel algorithms
for matching patterns in symbolically encoded polyphonic
music, allowing for pattern matching under transposition
invariance. Their approach demonstrated improved accu-
racy and efficiency compared to previous methods, partic-
ularly in handling complex polyphonic structures.

The study described in [8]] focused on identifying rep-
etitions under transposition and time-warp invariances in
polyphonic symbolic music. The researchers developed al-
gorithms that could detect patterns even when they were
distorted through transposition or temporal variations. This
work significantly advanced the field of music pattern
recognition by addressing the complexities of real-world
musical variations.

A statistical method for complete polyphonic music
transcription is proposed in [[15]. The approach combined
multi-pitch detection with rhythm quantization to estimate
score times of note onsets and offsets from polyphonic
MIDI performances. The method showed improved accu-
racy in transcribing complex polyphonic pieces.

The authors of [|16] discussed various evaluation met-
rics for polyphonic sound event detection systems. They
analyzed the strengths and weaknesses of different met-
rics, proposing new measures that better capture the per-
formance of detection algorithms in realistic environments.
Their work contributed to standardizing evaluation prac-
tices in the field.

The study reported in [7] applied deep neural networks
to polyphonic sound event detection. A multi-label classifi-
cation approach was developed using convolutional (CNN)
and recurrent (RNN) neural networks. The method demon-
strated improved performance in detecting overlapping
sound events compared to traditional approaches.

An approach to detecting overlapping sound events in
polyphonic audio was proposed in [[17]. The authors devel-
oped a method based on non-negative matrix factorization
to learn dictionaries from annotated polyphonic recordings.
Their approach showed promising results in separating and
identifying concurrent sound events.

The authors of [6] addressed the challenge of discov-
ering repeated note content directly from polyphonic mu-
sic audio. They developed algorithms that could identify
repetitive patterns without relying on symbolic representa-
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tions, significantly advancing the field of audio-based mu-
sic analysis.

A method for detecting repetitions in complex poly-
phonic textures, across multiple musical dimensions in-
cluding pitch, rhythm, and timbre, is reported in [18]]. Such
a work contributed to the understanding of musical struc-
ture in polyphonic compositions.

The authors of [19] introduced a method for extracting
motivic patterns in polyphonic music based on adaptive re-
dundancy filtering. Their approach could identify signifi-
cant musical motifs in complex polyphonic textures, pro-
viding valuable tools for music analysis and composition.

Taken together, the studies above show that existing re-
search on polyphonic audio classification has explored var-
ious types of signal processing and machine learning tech-
niques. These techniques have been used to handle the
complexity of multiple simultaneous notes involved with
polyphonic music. All studies have focused on offline ap-
plications (i.e., finding all occurrences of a given musical
pattern in a musical score or recording). However, real-
time detection remains a challenge scarcely investigated.

Real-time audio processing techniques have been de-
veloped to minimize latency and ensure seamless integra-
tion with live performances [20} 21]]. These techniques of-
ten involve optimizing algorithms for speed and efficiency,
as well as leveraging specialized hardware and embedded
real-time operating systems [22| 23|]. Embedded real-time
audio processing is critical to the development of
and is crucial for applications such as live performances,
interactive installations, and real-time effects processing.
However, the integration of real-time polyphonic pattern
detection within an remains under-explored, along
with the definition of methods leveraging such integration
for live performance purposes. This research addresses this
gap by developing a system that combines these elements.

2 Dataset Development

One of the fundamental challenges in[RTPD]is the varia-
tions that musicians might bring to a musical phrase when
playing live. The reduced availability of data adds another
layer of complexity to the challenge. Most publicly avail-
able data lacks musical patterns containing expressive vari-
ations that one would encounter during a real performance.
To overcome this obstacle, the Dataset of Polyphonic Pat-
terns (DOPP was created. The dataset consists of musical
patterns and their repetitions containing expressive varia-
tions in audio. This dataset is an extension to the previ-
ously published Dataset of Monophonic Patterns (DoMPﬂ
[9], which contained monophonic musical patterns with ex-
pressive variations.

Similar to the methodology adopted for building the pre-
vious dataset, each musician was asked to compose 10 dis-
tinct musical patterns, along with 9 more repetitions of

2The dataset is available at:
https://dor.org/10.5281/zenodo.14497998
Jhttps://doi.org/10.5281/zenodo. 10818617
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each pattern. Each musician was given the artistic free-
dom to add any variations or expressive techniques they
preferred, and the freedom to use a combination of both
monophony and polyphony—as long as the repetition re-
mained perceptually equivalent to the original pattern: the
idea being that an untrained human listener should identify
each variation to be the same as the original pattern.

The dataset was made with the contribution of 10 key-
board players and 10 guitar players. The 20 musicians (all
male, aged between 26 and 55 years, mean age = 38.5, stan-
dard deviation = 9.2) have various musical backgrounds
(classically trained musicians, contemporary studio/ ses-
sion musicians, funk musicians, jazz musicians, and rock
musicians). The mean duration of the dataset is 8.4 seconds
(' 5:54). The mean duration of the ground truth patterns is
7.4 seconds ( 2:43).

The dataset was recorded with multiple instruments, as
most musicians preferred to use their own instruments.
Thus, the dataset contains an excellent representation of
different spectral and timbral characteristics of multiple in-
struments. The guitarists also experimented with different
pickup selections, which can also be attributed as timbral
variations of the pattern. For the guitar, the direct unpro-
cessed input was obtained, and for the keyboard musicians
were instructed to refrain from using tones with time-based
effects such as delay or reverb.

The dataset is in .wav format. The file naming structure
is kept consistent with the previous datasets. Each file is
named artistID_patternl D _versionl D:wav, where Z repre-
sents a set of integers and artistID 2 7. : 60  artistID
79; patternlD 2 7. : 0 patternlD  9; versionlD 2 7. :
0 versionID 9. artistID represents the musician. The
keyboard players are numbered 60-69, while the guitarists
are numbered 70-79. patternlD represents the different
patterns. versionl D represents the versions of the patterns,
where versionID = 0 is the ground truth, and each subse-
quent iteration is a repetition with expressive techniques.

The availability of adequate training data is a primary
requirement for any deep learning approach. For the work
proposed by this paper, the training dataset must represent
as many of the expressive variations as possible. To ob-
tain such a training dataset, the pattern variations present
in the collected recordings were analyzed to identify the
most common variations. Each pattern and its variations
retained the same perceptual melodic structure, but with el-
ements added as extra, or elements removed. Some of the
expressive variations discovered by our analysis are:

* Changing the duration of notes and pauses;

* Doubling one, or a number of notes;

* Adding pitch modulations on one, or several notes;

 Using the pitch-bend controller or bending the string to
reach a subsequent note;

* Changing the loudness of notes;

* Adding chromatic passing notes between notes;

* Removing notes and/or pauses;

* Addition of extra notes and/or pauses;

» Alternating between staccato and legato style playing;

» Changing octaves and/ or transpositions.


https://doi.org/10.5281/zenodo.14497998
https://doi.org/10.5281/zenodo.10818617
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3 Methodology

3.1 system Architecture for SMIs_|

As mentioned earlier, the presented algorithm is de-
signed to enable a class[of SMIs wfith RTPD capabilities.
The embedded system containing the system can be out t-
ted to any conventional electric instrument. A Raspberry Pi
4 is selected as the embedded system due to its availability
and ease of use, and a HiFlberry DAC+ADC is used as the
audio interface. The instrument output is split and sent to
both the RTPD system and external ampli ers or PA sys-
tems separately. Figyré 1 shows a block diagram SMI
design. The data ow involves capturing the audio output
from the instrument, extracting features, and processing it
through a VST plugin to detect a set of prede ned patterns.

The wireless connectivity in the Raspberry Pi 4 is em-
ployed to send control messages upon successfully detect-

ing a pattern. The control messages use the Open $ound
[Control (OSC) protocol. The' O$C messages can be con-

gured to trigger or control different devices that are con-
nected to the network.

Similar to the authors' previoys SMI prototygde [9], the
software components required to operate the smart musi-
cal instrument include ELK Audio OS and the presented
algorithm housed within a VST plugin. ELK Audio OS is
an ultra low latency operating system optimized for audio
applications [[24], which provides a real-time kernel and
audio drivers that minimize latency. The VST plugin hosts
the algorithm and handles the real-time audio input from
the instrument.

3.2 Polyphonic Audio Pattern Detection

The core of the pattern recognition algorithm is a trained
[Recurrent Neural Network (RNN) that is able to classify

an audio segment from the instrument into a list of patternssig. 1: A block diagram of the hardware and software setup

previously de ned. The evaluations show that fhe RNN isof the system embedded in the musical instruments.
able to classify an input in real-time (i.e., approximately

15ms inference time as reported in TgBle 4).

The output of the musical instrument is fed directly to capture both temporal and spectral characteristics of the
the algorithm (see Figu[g 1) at a sample rate of 48kHz, andudio, which is particularly important for music analysis
a sliding audio window is extracted every 30 millisecondswhere both rhythm and pitch information are relevant, as
(see Figuré]2). The 30ms interval was selected as it is afin the case of pattern detection tasks.
proximately the temporal resolution of the human hearing When calculating the MFCCs, an FFT size of 2048 and a
system to distinguish between two sequential sound eventsop size of 512 was used, resulting in overlapping frames.
[25]. Moreover, it ensures that the processing and inferfor a pattern of 3s, this amounts to approximately 300

ence is completed before the next window is captured. Th@1FCC frames for classifying a single audio window, which
size of the extracted audio window can be con gured base@ach frame containing 10 coef cients.

on the size of the patterns that will be detected (i.e., if the

patterns are approximately 3 seconds in length, an audio
window of the same length should be used for optimal per-

formance).

Upon extracting the window, the Mel Frequency Cep-
stral Coef cients (MFCCs) are calculated to extract the au-
dio features. The MFCCs are a suitable candidate as they
are designed to mimic the human auditory system's re-
sponse to sound. Moreover, the MFCCs enable a compact
representation which allows for the ef cient encoding of _ . _ _
the most important aspects of the audio, while simultanef9- 2: Extraction of windowed segments from the incom-
ously reducing the dimensionality of the data. MFCCs alsdnd @udio stream.

4 Submitted to J. Audio Eng. Soc., 2024 April
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These values were experimentally identi ed to be thel. Feature Extraction: The MFCCs is obtained for the ex-
best compromise between accuracy and speed on the em- tracted audio segment. The FFT size, hop size, and the
bedded device. The computed MFCCs of the extracted au- number of Mel frequency bins are selected to facilitate
dio window is used as the input to the RNN for classi ca-  areal-time performance while having the highest possi-
tion. The RNN was trained using a synthetically generated ble accuracy. The extracted MFCC spectrum is the input
dataset, which consists of arti cially created variations for  to the RNN model.
each pattern that will be detected. Upon classi cation of2. Classi cation: The MFCC of the window is given
the window, the corresponding message is transmitted. Al- as input to the model. As discussed above, the RNN
gorithm 1 shows a pseudo code of the detection algorithm. model is relatively light to facilitate a real-time oper-
ation while having the highest possible accuracy. The
model is trained using a synthetic training dataset cre-
ated to mimic possible expressive variations for a list of

Algorithm 1 Algorithm for RNN classi cation.

1: Parameters: patterns_

2: Audio window 3. Control Message Generation If the extracted audio

3: procedure PROCESSAUDIO STREAM segment is similar to a pattern, an OSC message corre-
4 while Audio input is activedo sponding to that pattern is transmitted as a trigger to ex-
5 Extract audio wmdow_ every 30s ternal devices. The OSC message is transmitted through
6: Compute MFCC of window an HTTP port on a local network.

7: Classify MFCC using RNN:

8 predprob  RNN(MFCC) 3.3 Synthetic Training Dataset

9 predclass argmaxpredprob)

A primary requirement for any Arti cial Intelligence

10: if predclass= 1then (Al) model is an adequate training dataset to represent the
1L Send OSC command for Pattern 1 latent space of the data that will be classi ed. As the work
12: else ifpredclass= 2then presented by this paper aims to develop a model suitable
13: .Send OSC command for Pattern 2 for live performances, the training dataset must represent
14: : an adequate amount of expressive variation that a musician
15: else ifpredclass= nthen may apply to the pattern.

16: Send OSC command for Pattern n Similarly to the author's previous approach [9], a rule-
17: end if based model was used to create variations of each ground
18: end while truth - which are musical patterns. The same rules from the
19: end procedure authors' previous study were applied on the MFCC spec-

trograms of the ground truths. The rules are applied to each
mel band within the spectrogram to create the synthetic
training dataset. Thus, the synthetic training dataset is not
actual audio variations of the ground-truth, but spectro-
3.2.1 Recurrent Neural Network (RNN) Model grams that re ect possible variations, in uenced by those

The RNN model serves to classify each extracted winpresent in the recorded dataset.
dowed audio segment into a pattern. Similar to the authors' The authors' previous study identi ed that that approx-
previous approach [9], a stacked RNN con guration wasimately up to 24% of the notes of a pattern may be added
selected for the task due to its capability in Working with notes, and approximate|y 3% of the notes of a pattern may
synchronous and temporal data. This con guration cone removed. An average number of 9% of the pauses in a
sisted ofi) a fully connected RNN layeii) a long-short  pattern may be added, and approximately 1% of the pauses
term memory (LSTM) layer, aniif) a gated recurrent unit may be removed. The synthetic training dataset consists
(GRU) layer. Figure 3 illustrates the three types of RNNentirely of MFCC spectrograms of possible variations of
con gurations used in our study. The con guration was se-each ground truth. Variations such as doubling each note,
lected empirically, upon evaluating multiple con gurations removing some notes, and changing amplitudes of notes
including different RNN layer sizes, different FFT sizes, are represented in the training dataset. Some studies dis-
hop sizes etc.

Prior to training, training dataset was zero-padded to

equalize the dimensions of the data. The model consisted Layer Output Shape Parameters
of a Masking layer to ignore the padded values in the train{ Masking (None, T, F) 0

ing dataset. The masking layer was followed by the stack of LSTM (None, T, 256) 1,287,168
recurrent layers: the LSTM layer with 256 units, the GRU | GRU (None, T, 128) 148,224
layer with 128 units, and the SimpleRNN layer with 256 | SimpleRNN (None, 256) 98,560
units. The nal output was produced by a dense layer with| Dense (None, numlabels) | 257 num.labels

atanhactivation function corresponding to the number of

patterns. Table 1 summarizes each layer, output shape, ag@?l€ 1: Summary of the neural network architecture. Here,
number of parameters. T denotes the maximum pattern length, F the feature di-

The algorithm operates in three distinct steps: mension, and nundabels the number of output classes.

Submitted to J. Audio Eng. Soc., 2024 April 5
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Fig. 3: A traditional RNN laye(left); a GRU layer{middle)with a reset gate; and an update gatg; and a LSTM layer
(right) with a forget gatef;, input gatei;, and output gate;. At each timestep: X, o, h;, andc; are the input, output,
hidden state, and intermediate cell statggndtanhare the sigmoid and tanh activation functions respectively.

cuss the application of rule-based models to mimic certain For two sequences andx® which lie in the same di-

musical styles [26]. However, this study attempts to genermensional space with respective lengthand m, DTW

alize said variations to suit the styles of multiple musiciansdistance can be expressed as:

Longer patterns have more potential for variations and vice

versa. I
Synthetic training data is generated by applying trans-

formations directly to the MFCC of a ground truth rather

than original audio audio. Approximately 10.000 of such

variations per ground-truth were identi ed to be suf cient. where an alignment patp is a sequence oK index

The rule-based variations include: pairs (io; jo); (i1; j1); 5 (ik 1;jk 1), which represents the

shortest possible path betweeandx®, andA(x;x9 is the
» Temporal variations: Stretching/compressing timeset of all possible paths.

1
q

DTWq(x; XY= min 3 dx:x9)? 1

q(xx9 oA (i;%zp( i) 1)

frames ( 15% 25%), The Euclidean distandg = 2) was selected as the base
« Amplitude variations: Scaling MFCC coef cients by distance function due to its widespread use in MFCC-based
factorsof 08 1.2, audio analysis. Alternate distance functions such as Man-
 Note additions: Duplicating and inserting MFCC frames hattan or cosine distance were considered but they showed
at appropriate positions, inferior performance in preliminary experiments. Hence,
» Note removals: Deleting MFCC frames, the distance functiod can be expressed as the Euclidean
« Spectral variations: Adding Gaussian noise=( 0:05) distance between the two MFCC vectorst(x;x%) =
to MFCC coef cients. (ix  Xi2).
The following criteria must be met for the alignment
3.4 Dynamic Time Warping pathp to be considered admissible:

A Dynamic Time Warping (DTW)-based approach was
used as a benchmark to compare the proposed work. DTW The beginning and the end of the time series must be
is a time-series analysis method for temporal sequences Mmatchedpo = (0;0), andpik 1=(n 1;m 1);
that may vary in speed and has applications in domaing The sequence should increment in betand j, and
such as speech recognition and stock market analysis. The all indexes should be present:1 ik ik 1+ 1, and
similarity between two sequences is computed by con- Jk 1 Jk Jk 1t 1.
structing a distance matrix between each point and mea-
suring the shortest path. This property of DTW makes it Similar to the RNN classi cation, two MFCC spectro-
an ideal candidate to measure similarity between musicadrams are compared to compute the DTW between them.
sequences of different lengths such as that of a musiciafs the DTW is computed between two matrices, a multidi-
playing a pattern with some variation. mensional DTW is required, which may be achieved by a
Moreover, DTW can handle temporal variations with- Singular warping path across all dimensions, or by merged
out relying on a training dataset and it has characteristic#/arping paths of each individual dimension [29, 30]. The
that provide meaningful comparison with deep learninglatter approach was chosen, as it allows us to merge the
approaches. Deterministic and probabilistic methods [27PTWs between each pair of Mel bands. For anground

were evaluated in the authors' previous work, along withtruth patternsn such DTW distances are computed. A
techniques such as the Structural Similarity Matrix [28]. static threshold is used to determine if the audio window is

similar to a pattern in the list. The threshold was calculated
using a small validation set obtained randomly (20% of
each musician's data). The DTW measures for each pattern
and the validation set were computed, and the threshold
was selected to maximize the F1-score using Youden's in-

6 Submitted to J. Audio Eng. Soc., 2024 April
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dex. This threshold was xed when testing, but it remainedin detecting three patterns. Note that the accuracy metrics
unique to each ground truth. are identical for the DTW method for both evaluations, as
a one-to-one comparison is made for a list of ground-truths
regardless of the number of patterns to be detected.
Another crucial factor in accuracy is the length of the
The two methods were evaluated using the dataset inpatterns. It was identi ed that the accuracy was propor-
troduced in Section 2. The dataset contains 10 patternsonal to the length, where longer patterns showed a de-
recorded by each musician, with 9 repetitions of eachcreased accuracy for the RNN model. The DTW method,
pattern. For the evaluation, the rst pattern is consideredon the other hand, showed no signi cant changes in accu-
as the ground truth, against which the 9 repetitions wereacy despite the length. Figure 4 shows the average accu-
matched. The evaluations were conducted on isolated patacy as a function of pattern length.
tern—ground truth pairs rather than on a continuous au- Latency is a crucial aspect in any real-time system. The
dio stream. This approach was purposefully chosen as thgattern must be identi ed as soon as the musician plays the
DTW method cannot feasibly compute pattern matches diast note and the control signal must be transmitted instan-
30 ms intervals needed for real-time operation. taneously. The algorithm must show a low enough infer-
Each ground truth was matched against all the patternence time to be suitable for real-time use. To measure the
recorded by the same musician. The two methods weraference time and computational cost within an embedded
judged on the basis that the repetitions of the groundsystem, both algorithms were implemented within a Rasp-
truth should show a positive match, and any other patternberry Pi 4.
should show a negative match. The evaluation for the two Due to the high inference time shown by the benchmark
methods was carried out as follows: and the large number of detections required for perfor-
mance comparison, only the classi cation time and com-
« RNN method: The synthetic dataset was created and thputational load were measured on the embedded device.
model was trained for each ground truth. Thetual EIk Audio OS possesses a signi cant advantage in its ultra
variations recorded by the musician, and the other patlow latency audio processi{g 1mg [24], thus contribut-
terns recorded by the same musician were used in thimg only a marginal increase to the classi cation latency for
evaluation. pattern detection.
« DTW method: The DTW was measured against the
ground truth and each of its variations. To maintain a
fair comparison, the DTW between the ground truth an Precision Recall F1 Score
the other patterns recorded by the same musician weteRNN | 0.745 0:082 | 0.775 0:091 | 0.760 0:087
also computed. A static threshold was implemented to DTW | 0.801 0:054 | 0.555 0:073 | 0.655 0:061
obtain the best results.

4 Evaluation

Table 2: Comparison of RNN and DTW methods in detect-

In a real-world usage, a musician would use more than ég a single pattern.
single repeating pattern within a composition. Hence, eval-
uations were also done for the RNN method using groups
of 3 patterns. The RNN model was trained using the syn
thetic variations of 3 ground truths, and the RNN would
classify any input into 4 classes—one for each ground
truth, and one to denote no pattern. The evaluation of thgy}|q 3- Comparison of RNN and DTW methods in detect-
DTW would be the same despite the number of pattern:fhg 3 patterns.
meant to be detected.

The end goal of the evaluations was to identify a suitable
candidate to be deployed on embedded devices. Hence the
average memory usage and detection time for each method
was computed.

Precision Recall F1 Score
RNN | 0.717 0:075| 0.693 0:080 | 0.705 0:077
DTW | 0.801 0:050 | 0.555 0:065 | 0.655 0:058

5 Results

The experiment was set up to obtain a fair comparison
between the two methods. We focus on the precision, re-
call, and F1-score of each method to measure their accu-
racy, the computational load to measure their suitability to
be deployed on embedded systems, and the inference time
to measure the ability for real-time usage.

Table 2 shows the average the Precision, Recall, and F1-
score of each method when detecting a single pattern, and

Table 3 shows the average precision, recall, and F1-score Fig. 4: Accuracy vs. length.

Submitted to J. Audio Eng. Soc., 2024 April 7



SILVA AND TURCHET DRAFT

Hence, the inference time is suf cient to validate the low is more ef cient for real-time processing on embedded de-
enough inference and latency values for real-time usagevices used in our SMIs. This ef ciency is crucial for main-
Table 4 shows the average inference time, CPU usage, artdining consistent performance during extended live per-
RAM usage by the two methods on a Raspberry Pi 4. It cafiormances without system degradation or overheating.
be assumed that the accuracy observed in the evaluation is While the RNN approach shows advantages in CPU us-
representative of the embedded deployment, barring angge and latency, DTW showed superior memory ef ciency
changes in model architecture. (342.3 MB vs. 442.6 MB). This trade-off re ect the need
to load model weights and maintain activation states for
the RNN, while the DTW operates with minimal memory
overhead. This factor may in uence implementation on de-

The results of the evaluations show that both approachegces with extreme memory constraints, where the RNN
can be used to detect the presence of polyphonic pattermgodel may need further optimizations.
in audio. However, the different performance characteris- An interesting observation from our results is the re-
tics makes them suitable for different use cases—the RNNationship between pattern length and recognition accu-
based method being the obvious choice for the proposetacy (see g. 4). While the DTW method maintained rela-
application in creating SMis with embedded intelligence.tively consistent performance regardless of pattern length,
When comparing the results, the higher precision shown byhe RNN model showed decreasing accuracy as pattern
the DTW method (0.801 vs. 0.717) can be observed, alontgngth increased. This suggests that longer patterns intro-
with a higher recall shown by the RNN (0.693 vs. 0.555),duce more opportunities for variations that challenge the
resulting in an overall higher F1-score (0.705 vs. 0.656). predictive capacity of the RNN. This limitation could po-

The higher precision of the DTW method showed a de-tentially be addressed through more comprehensive train-
tection of fewer false positives. This is expected, given thatng with additional variations of longer patterns or by im-
DTW directly compares the input against ground truths,plementing a segmentation approach that breaks longer
providing a one-to-one match in all use cases. The RNNpatterns into more manageable subsequences.
which is trained on a dataset of synthetically generated The performance metrics achieved in our study (F1
variations of each ground truth, shows greater exibility in scores of 0.705 for RNN and 0.656 for DTW) indicate that
detecting patterns with expressive variations, as evidencedhile the system performs well, there remains room for
by its lower rate of false positives and higher recall. improvement. It must be noted that these scores re ect per-

Perhaps the most signi cant nding of our evaluations formance in detecting patterns with expressive variations in
is the difference in detection time when deployed on ana real-world context, which is inherently more challenging
embedded system. The average inference latancy for RNkan controlled laboratory conditions.
classi cation was 14.69 ms, well below the threshold re- Moreover, the RNN is scalable, as multiple patterns can
quired for real-time audio applications. Moreover, eachbe detected using a single model. Groups of 3 patterns were
independent process (extracting the window/ feature exevaluated, classifying inputs into 4 classes (one for each
traction and classi cation) happens within individual pro- pattern plus a “no pattern” class). This shows an advan-
cessing threads. Hence, the pattern detection within an exage in real-world implementations where multiple patterns
tracted audio segment can be performed well in time beforgnay be recognized within a single composition. The DTW,
the subsequent audio segment is extracted in 30ms, alloven the other hand, would require multiple separate compar-
ing the real-time operation. isons to achieve similar functionality, potentially increas-

The DTW method showed an approximate ten-fold in-ing computational overhead in multi-pattern scenarios.
crease in detection time, which is due to the distance matrix One limitation of the proposed method is that while the
computed by the DTW, which causes the complexity to in-Synthetic training data generation approach proved effec-
crease quadratically with sequence length. The RNN, onctive, it may not capture all possible expressive variations
trained can process inputs with relatively consistent timghat musicians might employ. Future research could ex-
regardless of pattern complexity, which makes it more usplore more sophisticated methods for generating training
able in real-time applications that require immediate feeddata or potentially implement online learning approaches
back. that adapt to individual musicians' playing styles over time.

The computational resource requirement also favored It should also be noted that the evaluations consisted of
the RNN approach in terms of CPU usage (31.36% vsgground truths and repetitions recorded by the same musi-
48.9% for DTW). This suggests that the RNN approachcian. A further development of this system would be the

integration of cross-musician, as well as cross-instrument

6 Discussion

evaluations.
RNN | DTW Another area for future exploration is the integration of
Detection time (ms) 14.69 | 1038.34 multimodal inputs. While the current system focuses on au-
Average CPU usage (%) | 31.36 | 48.9 dio input, combining this with other sensor data from SMls
Average RAM usage (MB) 442.6 | 342.3 could enable more complex interaction possibilities. This

_ i . multimodal approach would align with the broader vision
Table 4: The average time for the pattern detection, along he |nternet of Musical Things by creating better interac-
with the average CPU and RAM usage. tions between performers, instruments, and environments.
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7 Conclusion In conclusion, this study showed the feasibility and cre-
. ) . ) ative potential of embedding real-time polyphonic audio
This paper presented a real-time polyphonic audio patyattern detection into smart musical instruments, opening
tern detection system, that could be embedded in Smafe, hossibilities for musical expression and performance
Musical Instruments (SMIs), enabling musicians 10 trig-jn, the gigital age while maintaining the critical low-latency

ger external peripherals such as stage lights, smoke Mg, irements necessary for real-time musical applications.
chines, haptic wearables, and mixed reality headsets us-

ing musical patterns played on their instruments. Two dis-
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