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Separate and Transcribe: Deep Guitar String
Separation and its Application for Tablature
Transcription Enhancement

Grigoris Bastas

Abstract—Guitar string separation constitutes a source sepa-
ration task in which the individual stems to be retrieved are
the signals produced by each distinct guitar string. Certain
hardware solutions for string-wise signal manipulation are gain-
ing traction among the guitarist community for applications
such as MIDI control and string-level sound effects. However,
software techniques for string separation are lagging behind,
even though they could form a competitive alternative. This
work applies established deep learning architectures commonly
used for standard music source separation, to address the
task of guitar string separation. It opts for a waveform-to-
waveform approach using a multi-channel version of Wave-U-
Net. It further suggests that this model can serve as a bridge
from separation to transcription by facilitating guitar tablature
inference. Tablature transcription enhancement proved feasible
using a method that relies on feeding the separated signals to
standard tablature inference models, by simply modifying their
initial convolution layer to handle multi-source input. Moreover,
this work seeks to address the challenges encountered in the
more specific string separation scenario where no target signals
are readily available for training, meaning that these signals are
not provided directly through sophisticated hardware equipment
such as polyphonic pickups. Instead, data manipulation and
augmentation techniques that produce sample-level synthesized
targets are proposed. Thus, two newly created datasets are
introduced, namely GS-Aux and ADGP, based on standard guitar
datasets: GuitarSet and DadaGP.

Index Terms—String-wise source separation, waveform-to-
waveform approach, separation-based tablature transcription

I. INTRODUCTION

T is quite an intuitive idea that when isolating a sound

source from its surrounding ones, audio information can
be retrieved more accurately. Hence, both in the field of
Music Information Retrieval (MIR) and Audio Processing in
general, the problem of Source Separation has occasionally
appeared in the same portrait with either music transcription
[1]-15], speech recognition [6]], music classification [[7]], singer
identification [8f], lyrics alignment [9]], [10] and instrument
recognition [|11].
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Music source separation (MSS) is one of the most prominent
challenges in the field of MIR. It refers to the task of separating
music signal into audio channels that correspond to distinct
sources: typically singing voice and musical instruments such
as drums, bass, guitar, etc. [[12]. Guitar string separation is
a variant of the standard MSS task. Here, the focus is set
exclusively on the guitar input, and the sound sources that we
seek to separate are the signals produced by each guitar string
individually.

One benefit of producing string-separated signals is that
different sound effects can be attached to each string in order
to expand the artistic expressivity of the instrument. From the
side of audio post-production, sound editing can be applied
on a string level (i.e., one channel for each string). An ex-
perimental setting for string-wise spatialization of audio using
hardware solutions has also been suggested [13]], pointing to
an additional application of string separation.

While software solutions for guitar string separation remain
very much unexplored, special hardware equipment to handle
signal string-wise has been on the market for some decades
now and has gained more popularity in recent years. The
main component of this equipment is the polyphonic or
‘hexaphonic’ pickup that replaces or co-exists with the stan-
dard ‘single-coil’ pickup: i.e., the electric guitar component
responsible for the conversion of mechanical oscillation to
electrical signal. String-wise signal manipulation facilitates
MIDI control by improving transcription accuracy. However,
apart from the polyphonic pickup itself or the guitar on which
it is integrated, extra expenses on hardware are commonly
required (e.g., multi-channel cables, professional multi-track
sound cards, analog or digital multi-channel pedals, breakout
boxes). Considering also certain quality defects of the poly-
phonic pickups, such as crosstalk, the above points claim both
the need and the possibility of leveraging software techniques
for guitar string separation as a task on itself, as well as a
point of departure for accurate automatic music transcription
(AMT), i.e., the task of extracting formal notation from the
music signal.

Tablature is a notational form that often works as an
alternative to the more typical musical score. It provides less
detailed information about the rhythmic structure of the piece
but, in contrast to standard sheet music, it offers guidance
for finger positioning on the instrument, encouraging direct
hands-on music performance [14]. Guitar tablature in par-
ticular encompasses the string and fret numbers on which
every note is articulated. These features have made tablature
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increasingly popular [[15], especially among self-taught and
novice guitarists.

Although listening to a music track and separating between
different instrument stems is considered a simple cognitive
task for most people familiar with pop or other music genres,
the same does not hold true for associating guitar notes ‘by
ear’ with the strings on which they were played. Even for
experienced guitarists, such matching (i.e., string association)
is not regarded as effortless, especially for monophonic per-
formances where the possible fingerings could vary strongly.
This is so, mainly, because the same notes can be played on
more than one positions of the guitar fretboard (see Fig. [I).
In the case of polyphonic performances where chords are
prominent, given the pitches, one can draw more explicitly
upon the guitar geometry and fingering configurations to
ensure correct string association [[16]], [[17]]. Yet, it is in this
exact context that pitch estimation becomes more demanding,
and accordingly, multi-pitch estimation tends to be considered
a special transcription task on its own [18]]. These observations
highlight the common challenges of note transcription, string
detection and string separation tasks. At the same time, they
reveal how high-quality string separation can benefit AMT
in the case of guitar input by providing direct string-to-
sound association and by reducing multi-pitch to single-pitch
estimation.

In this work, we propose an end-to-end supervised deep
learning approach for guitar string separation employing a
multi-channel version of Wave-U-Net [|19]. We show that even
with about 2 hours of audio recordings for training, the model
can learn to accurately associate notes to the correct string
and separate the signal with promising quality results. Fur-
ther on, we propose two dataset-creation algorithms, applied
on pre-existing datasets (namely, GuitarSet and DadaGP).
These lead us to the creation of two new datasets (GS-Aux
and ADGP) without utilizing readily available string-wise
channeled recordings—typically acquired with polyphonic
pickups—thus providing an alternative separation scenario
where we rely solely on string-fret annotations. Finally, we
propose a strategy for tablature inference[ﬂ guided by string
separation by aggregating the separated sources to form a
multi-channel input for tablature transcription models. The
presented system can be applied on both guitar solos and
comping performances (i.e., rthythm-guitar accompaniment),
requiring undistorted signal as input (i.e., no sound effects).

Regarding the contributions of this work, to our knowledge,
no existing method in the literature addresses any of the
following aspects:

o Deep Learning-Based String Separation: We propose a
deep learning solution for the string separation task in
real-world guitar performances.

o End-to-End and Annotation-Free: Our core separation
method is end-to-end and straightforwardly applicable,
as it does not require manual annotations during training.

o Creation of Auxiliary Datasets: We introduce data manip-
ulation techniques to generate string separation training

I'We use the terms rablature estimation, tablature transcription, and tabla-
ture inference interchangeably.

Fig. 1: An excerpt of music score (top) and guitar tablature
(bottom), depicting a simple melodic line, played twice, each
time in different fretboard positions. The musical notes are
displayed as integer numbers (that correspond to guitar fret
identifiers) positioned on the horizontal lines that indicate the
strings where these notes are played.

sets with reconstructed or synthesized target sources
that preserve the recording-specific qualities of the input
mixture (e.g., microphone recordings) without relying on
specialized hardware such as polyphonic pickups.

o Separation-Based Transcription: We leverage a
separation-guided solution for tablature transcription
enhancement. This combination of separation and
transcription constitutes the main novelty of this work.

II. RELATED WORK
A. Source Separation

In recent years, the employment of deep learning techniques
has emerged as the most promising solution for (Music)
Source Separation in terms of performance [20], with models
operating, either on standard spectral feature representations
[21]]-[24] or directly on waveform data. In the latter case, the
prominent examples are Wave-U-Net [[19], Conv-TasNet [25]
and Demucs [26]], [27]. Such waveform-to-waveform models
avoid the commonly proposed pre-processing step of spectral
feature extraction from the input mixture, that typically apply
the short-time Fourier transform (STFT) algorithm. Employ-
ing a waveform-to-waveform separation strategy requires no
parameter tuning for the feature extraction process (window
function, window size, hop size) and distinct manipulation
of phase becomes redundant. Wave-U-Net is a variant of the
U-Net architecture [28]], suitable for processing time-varying
input using convolution layers and resampling filters. Demucs
is inspired by the architectural structure Wave-U-Net but also
incorporates the idea of using recurrent neural networks as
presented in the neural audio synthesizer SING [29]. Hybrid
manipulation strategies for MSS that operate simultaneously
on the spectral and the waveform domain, such as Hybrid
Demucs [30] and Hybrid Transformer Demucs (HT Demucs)
[31], have also been suggested.

However, only traditional digital signal processing (DSP)
and machine learning strategies have been used to cope with
the problem of guitar string separation. Such methods tend to
involve strong limitations in their applicability. Ramsay et al.
[32] undertook this task, facing it as a two-step problem, see:
a) polyphonic string detection and b) sound reconstruction.
This work remained restricted to the separation of exclusively
open strings (i.e., no frets involved) and to a pre-configuration
requiring special re-tuning of the instrument. More recently,



Senvaityte et al. [[33]] presented a note-level separation method
of polyphonic guitar performances applicable over the whole
fretboard (without involving string association), by employing
Non-negative Matrix Factorization (NMF) and Non-negative
Matrix Factor Deconvolution (NMFD) methods. These models
were trained and tested exclusively on comping (polyphonic)
performances from the GuitarSet dataset [34]], specifically on
the provided debleeded hexaphonic pickup recordings. Source
decomposition was achieved in a supervised learning setup by
applying NMF and NMFD with distinct learned bases for each
MIDI-note, relying on 56 instances of each class (training set),
collected using onset and pitch annotations. The separation
was consequently achieved by processing performances chord-
by-chord (test set), relying on onset annotations to segment
audio accordingly.

B. Guitar Tablature Transcription

As for the guitar transcription tasks, one research thread
has focused on accurate string detection (often combined with
pitch estimation). Such works rely on pattern recognition and
DSP techniques that aim at capturing string-specific explicit
features such as inharmonicity. Partial tracking methods [35]-
[37] and statistical models [38]], [39] have been introduced
to discriminate between strings, based on the signal’s re-
trieved inharmonic behavior. Similarly, the estimation of in-
harmonicity coefficient has been fed as one among other input
features to well-established machine learning classification
models such as Support Vector Machines [40], [41]]. The above
strategies focus mainly on monophonic performances except
for Barbancho et al. [35] who have also incorporated chord
recognition within certain limits.

Another research thread on guitar tablature transcription
has worked on deducing plausible sequences of string-fret
combinations, relying mostly on playability constraints [[16],
[17], [42], [43]]. They dispose of string-specific audio features,
which are difficult to acquire in polyphonic performances,
and reduce the problem to two phases: (multi-)pitch detection
followed by pitch to tablature conversion. Numerous other re-
search teams have undertaken the analysis of finger positioning
and the generation of playable guitar tablature, relying solely
on processing sequences of note events presented in symbolic
notation, such as music scores or MIDI. These tablature
generation investigations have employed diverse methodolo-
gies, including the use of graph representations with dynamic
programming [44]-[48]], various optimization algorithms [49]]—
[52], and neural networks [53]-[56].

Neural Networks and Deep Learning have also been em-
ployed to tackle the problem of tablature inference directly
from audio signals. Multi-layer Perceptrons [|57]] and Convolu-
tional Neural Networks (CNNs) [[58]] have been used for chord
recognition and the detection of hand positions corresponding
to chords. More recently, Wiggins and Kim [59] applied a
CNN-based model named TabCNN for tablature estimation.
This model operates on constant-Q transform (CQT) features
extracted from short overlapping time segments with 9 frames
length. Other works have further explored similar strategies,
either by involving symbolic data [60]], [61] or by suggesting
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Fig. 2: Training method for string separation with multi-
channel Wave-U-Net, relying on ground-truth signals for each
string (E, A, D, G, B, e) of a guitar with hexaphonic pickup.

other architectures that manage to produce note-level tablature
[62]]. The latter work combines CNNs with a self-attention
block and a beat-informed module (see Tab-Estimator) that
together manage to leverage both frame-level and note-level
predictions. Similar methodologies have also been adopted
for automatic guitar transcription, ignoring the assignment of
string identifiers [63]], [64].

III. METHOD DESCRIPTION

In this section, we first describe the proposed method for
string-wise separation. Secondly, we present certain techniques
that enable separation-based tablature transcription.

A. Waveform-to-Waveform String Separation

In the opted supervised learning approach for string separa-
tion, displayed in Fig. 2] the training phase presumes 6-channel
guitar recordings, with one distinct channel corresponding
to each string. These six signals are used as target values.
The input for the model is a mono version recording of the
same performance, perfectly synchronized with the targets.
Employing a hexaphonic pickup is the most straightforward
way to gather training data; most importantly, target signals.
Manual annotations such as onset times or pitch information
are not required. Having learned to separate guitar signal
string-wise, the employed model can henceforth be applied on
guitar recordings and provide separated outputs. For the source
separation task, we employ a multi-channel version of the
Wave-U-Net architecture [|19], originally used in the context of
MSS. As a waveform-to-waveform model, it avoids the need
for STFT parameter tuning and explicit phase reconstruction.
We relied on a publicly available implementatiorﬂ that features
a parallel scheme of 6 standard Wave-U-Net copies, with no
shared parameters between them. Practically, each sub-model
aims to encode the timbral characteristics of the corresponding
string and learns to separate the string-specific source from the
mixture. Both the downsampling (DS) and upsampling (US)
processes utilize five blocks, each performing resampling by
a factor of 4 with a Sinc low-pass filter producing what is

Zhttps://github.com/f90/Wave-U-Net-Pytorch
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Fig. 3: Workflow for multi-source strategy for tablature estimation, relying on CQT spectral representations. The separation
model is applied on the input mixture (i.e., guitar output). The input mixture and the separated sources are subsequently
transformed to spectral feature representations. Each such representation is finally fed to a tablature estimation model as a

distinct channel.

a feature map. Every block involves 2 layers of temporal
convolutions with kernel size 5 and a stride of 4. Each US
block receives information from a DS block through shortcut
connections. By setting a desired output duration 7', the input
size Iy of the segments is determined as the smallest number
that satisfies f(Ip) > T, where f represents the model’s
size-mapping function and, hence, f(Iy) corresponds to the
actual output length. Empirically, 7' = 2 sec yielded the best
performance in our setup, requiring input segments of size
Iy = 2.22 sec.

B. Tablature Transcription Guided by String Separation

In mathematical terms, a (note-level) guitar tablature can be
seen as amapping 7 : {1,..., N} — {1,...,5}x{0,..., F},
representing a musical piece’s note events of total number
N as positions in the fretboard space of S strings and F
frets (with fret O indicating open string notes). We consider
a guitar configuration with S = 6 strings and a maximum
of F' = 24 frets. Our Multi-Source Input strategy leverages
the separated sources as ‘raw material’ for the task of tran-
scription by adapting well-established tablature transcription
models from the literature to handle multi-channel input. From
each separated signal and the input mixture, we extract CQT
features and feed them as a 7-channel tensor to the (modified)
input layer of a standard tablature transcription model, as
depicted in Fig. 3] Such deep learning models usually operate
on spectral representations of the input mixtures [S9]], [62]
applying a one-channel 2D Convolution input layer. For our
multi-source approach, we modify the input layer’s channels
from 1 to 7. Annotations such as onset times, pitch and string-
fret information are used to provide ground-truth values for the
training of the tablature transcription models, generating either
frame-level or note-level predictions.

IV. EXPERIMENTAL SETUP
A. Main Datasets

For our experiments we relied mainly on GuitarSet [34]
and we also leveraged DadaGP [65] to produce extra audio

data. DadaGP is a symbolic music dataset containing 26,181
songs in the GuitarPro format; thus providing expressively rich
musical information, including string-fret positions. GuitarSet
is a dataset that provides recordings of acoustic guitar per-
formances using both a hexaphonic pickup and a condenser
microphone (monophonic audio). For the former case, the
dataset provides also the post-processed 6-channel recordings
after applying the KAMIR algorithm [66]] for debleeding.
For the creation of GuitarSet, 6 experienced guitarists were
recorded playing comping and solo performances in various
tempi, chord progressions and genres. Each of them played
solos over their own pre-recorded comping, ending up with
recordings of about 30 minutes. Thus, the dataset’s total
duration is approximately 3 hours in total. Recordings were
made in a soundproof studio with minimal room reverberation
and are provided at a 44.1-kHz sampling rate. Sound events
that didn’t produce clear pitch were not annotated. In contrast
to other playing techniques, note bends are very sparse in the
dataset. String-fret and onset-offset annotations are included
in the dataset. Naturally, the dataset is characterized by an
imbalance in the distribution of note events per string (see
Fig. [3).

Choosing to work with the hexaphonic pickup, the corre-
sponding recordings provided the basis for a straightforward
separation task. We applied peak normalization in all cases.
Each debleeded string channel was used as target signal and
the input mixture was formed either by working directly with
the unprocessed non-debleeded pickup input mixture (Pckp)
or by adding together the normalized 6-channel debleeded
signals (Hex). Similarly, by using the microphone recordings
as input mixtures and retaining the debleeded pickup audio as
targets, we ensure another training/test set (Mic) in order to
evaluate our model further. For this part of data preparation,
no involvement of annotations was required.

B. Data Manipulation Methods and Auxiliary Datasets

We should bear in mind that for the Mic dataset the problem
of separation is more complicated than for Hex and Pckp. All
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Fig. 4: Frequency-response deviation for all GuitarSet micro-
phone and pickup mixtures’ STFT pairs. Curve shows the
mic—pickup level difference with positive values indicating
frequencies where the microphone has more energy than the
pickup.

three sets share the same targets (derived from the hexaphonic
pickup). Thus, beyond merely separating the string signals,
the model trained on Mic must also transform the microphone
sound into pickup-like output, encompassing the distinct sound
qualities of the hex pickup recordings, practically working as
a filter as well. The acoustic guitar body naturally adds sound
effects such as reverb, resonance, and warmth, influencing
the overall tonal quality captured by the microphone and
affecting the performance and clarity of the recording. This
can be verified by measuring the frequency-response deviation
averaged between all microphone and pickup mixtures’ STFT
pairs (Xmic, Xpekp) Of GuitarSet using the formula below:

based on which we produce the graph of Fig. 4] The spectral
deviations over all frequency bands validate our concern.

The situation above arises from the lack of readily avail-
able microphone-recorded reference signals. As a way to
handle this predicament, we devised two custom processing
techniques to create input-targets combinations derived from
microphone recordings. Both sets are produced by deter-
ministic transformations of existing multi-track material and
by controlled re-renderings that preserve time alignment and
ensure string association, while avoiding any use of hex
pickups. These datasets enable us to design an experiment
that addresses a better defined problem, i.e., microphone-to-
microphone separation. Moreover, we followed the exact same
processing protocol to create a pair of twin datasets, this time
derived from pickup input, thus ensuring a more complete
evaluation of our dataset-creation algorithms.

A further motivation for these dataset manipulation tech-
niques is to test whether string separation can be learned
without polyphonic pickups and without annotated comping
performances, relying only on string—fret annotations from
melodic input. To our knowledge, GuitarSet is the only public
corpus providing string-wise recordings. However, our manip-
ulation procedures apply to any available guitar dataset that
provides tablature annotations, enabling the synthesis of usable
supervision and, in turn, improved generalization and adapt-
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ability for string-level separation and tablature transcription
enhancement.

Here, we make direct use of the GuitarSet annotations and
create two new datasets that are also made publicly availableﬂ

Algorithm 1 Custom audio data for GS-Aux

Input: audio mixture x € R” from GuitarSet solos
Input: onset & string annotation pairs {(0:, ;) }ie;
Output: 6-channel string-wise diarized signal x’ €
Output: 6-channel overlaid-melodies signal x” € R®*T"
1: x,[t] ~N(0,0.00005) Vs=1,...,6,t=0,...,T
2 x) «{} Vs=1,...,6
3: for each note ¢ do
if 35 s.t. Jo; — 0] < 60 ms A s; # s; then
continue > skip chord notes
else
X5, [0i t 0i41] + x[0i : 0i41] > render cropped seg/t
x4, « concat(xY,, x[0; : 0;41]) > non-silent melodies
9: end if
10: end for
1: T = (sort {[|x4]1}o=1) _,
12: x + cropOrPad(x},T")

RBXT

A A

> 2nd-longest duration

Vs e {1,...,6} > fix duration

1) Target Signal Reconstruction from Solos (GS-Aux): As
exhibited in Algorithm [T} starting from the solo GuitarSet
recordings (mic or pickup) and their per-note annotations
{(0i,8:)}X,, we extract monophonic signal segments by
discarding any note ¢ that co-occurs with other notes (see chord
events) in a window of 60 ms and mapping each remaining
slice [0;, 0;41) into channel s;. This way we discard 1,948
note events out of 16,861. To avoid zero-energy pitfalls in
our separation performance metrics, all non-played samples
are initialized with very low-level white noise N (0.5 x 107?).
The resulting six track streams {x,}%_; form our diarized
custom solo targets and we simply have to sum them to create
the corresponding input mixtures. For our custom comping
examples, we use the same diarized channels without the silent
parts between the note events, so that we ensure continuous
melodic lines. We choose the second-longest active duration
T"(< T) as our target length, crop/pad each channel x” to
match 7" and sum them to synthesize polyphonic mixtures.
We call the union of these two collections GS-Aux. In our
experiments, to distinguish between microphone- and pickup-
derived training sets we use the names GS-Aux-Mic and GS-
Aux-Pckp, respectively.

3https://drive.google.com/drive/folders/1dY Tfjov11eUM9ph37COww-Ixwve_
1zgC?usp=sharing
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Algorithm 2 ADGP creation

Input: GuitarSet solos x € R” and anno/s {(o,s:)}7,
Input: DadaGP tablature tracks including timings {75 }al,
Output: Synthesized ADGP dataset

1: Phase I: Note Event Collection

2: Initialize note event bank & < ()
: for each annotated note (o;, s;) do

(5]

4: if ~(3j #i: |oi —oj] < 60ms A s; # s;) then

5: e+ x[oi : 0i+1] > extract raw note audio
6: E+—EU{(e,s:)} > keep clean event
7: end if

8: end for

9: Phase II: Tablature-Informed Rendering

10: Sample 5% of tracks {7} at random

11: for each selected tablature track 7 do

12: vs[t] ~ N(0,0.00005) Vs=1,...,6,t=0,...,T

13: for each note (¢;,s;) in 7 do

14: if 3 (e, s;) € £ then

15: e« U[0.5,1.0]-e > random rescaling
16: Ys;[tj 1 tj +|€']] <€ > write € into ch. s; at t;
17: end if

18: end for

19: end for

2) Tablature-Informed Synthetic Audio (ADGP): We also
construct a dataset by combining solo GuitarSet audio with
DadaGP tablatures (Alg. [2) in two phases. Phase I builds a
note-event bank by discarding chordal notes the same way
as for GS-Aux and assigning each remaining one the correct
string label. Phase II randomly samples 5% of DadaGP tracks
and renders them by placing a matching event from the
bank at each tablature time ¢; on the annotated string s;,
producing string-aware audio with aligned targets. Only the
first GuitarPro ‘track’ from each song was considered, leading
to a total of 400 minutes audio duration. The assembled signals
(pickup- and mic-derived) constitute the ADGP dataset.

C. Metrics

For the evaluation of the separation tasks we used the stan-
dard source-to-distortion (SDR), source-to-interference (SIR)
and source-to-artifacts ratios (SAR) metrics originally intro-
duced in [[67]], as adopted and parametrized by SiSEC 2018
[68] and implemented in museval Python library (BSS Eval
v4). We also utilized scale-invariant SDR (SI-SDR) [69]].

In BSS Eval v4, given a reference source s, the estimate §
and the residual error e,.s, the SDR is defined locally inside
an r-centered window (2-second long in our case) as:

SDR" =101 M 1
- 0810 ||er ||2 ) ( )
res

where s” and e].,, are the corresponding windowed signals.
For SDR, we report averaged windowed scores per track;
same for SIR and SAR. In contrast, SI-SDR operates on the
full signal (no windowing) and is invariant to changes in the

amplitude scale of the separated sources:

SI-SDR = 10log; (
!

Regarding the transcription tasks, we employ the pitch
estimation metrics Multipitch Precision, Multipitch Recall
and Multipitch F-measure (PP, PR, PF), as well as tablature
transcription metrics Tablature Precision, Tablature Recall,
Tablature F-measure and Tablature Disambiguation Rate (TP,
TR, TF, TDR) as defined in [59]], either for frame-level or
note-level predictions. TDR is determined by the total number
of string-fret combinations that were accurately identified
divided by the total number of pitches that were correctly
detected, thus providing an insight about the degree to which
the tablature prediction errors originate from deficient pitch
estimations.

D. Experiments

For our basic string separation experiments, multi-channel
Wave-U-Net was trained on Hex from GuitarSet using the
Adam optimizer (with an initial learning rate of 0.001). Both
solos and comping tracks were involved in the training set.
The final model weight values for the testing phase were
picked out considering the epoch with the lowest validation
loss. The patience parameter was set to 200 epochs. The
model processes input signals sampled at 44.1 kHz. The audio
is divided into input segments of around 2.22 sec (97,961
samples), which are fed to the model in batches of size 4.
During training, these segments are randomly selected from
various audio tracks, whereas during inference, the model
processes them sequentially. An NVIDIA GeForce RTX 2080
Ti GPU was employed for the experiments. Our code and
some demo samples are publicly availableﬂ We relied on the
train-test splitE] proposed in Senvaityte et al. [33] to facilitate
comparison with their findings, considering their models as
our baseline (comparing separation performance on comping
tracks only). We thus used 64 recordings for testing (32 solos
and 32 comping tracks) and 296 for the training phase. For
the validation, 64 randomly chosen additional tracks were kept
aside. Hence, 232 performances (~ 2 hours) were used strictly
for training.

For ablation purposes, we also trained and tested the one-
channel version of Wave-U-Net, as well as the state-of-the-
art models Demucs and HT Demucs (all three of them being
single-stream, multi-target models that take a mono mixture
as input and jointly predict six output channels), to compare
them with the opted multi-channel Wave-U-Net architecture.
We also trained and tested the latter model separately for
the solo and the comping recordings. As an additional set of
separation experiments, we focus on how the nature of the
input source affects the overall performance of our model.
In particular, we examined the behavior of multi-channel
Wave-U-Net when trained with the unprocessed pickup (Pckp)
against the mic input (Mic) as well between the behavior
of the model using our various auxiliary datasets: GS-Aux-
(Mic/Pckp) and ADGP-(Mic/Pckp).

4The source code is available at: |https:/github.com/gbastas/
deep- guitar-separation, The demonstration webpage for our proposed method
can be accessed at: https://gbastas.github.io/separate-and-transcribe- vis/.

SThe test set song filenames are provided here: https://github.com/daliasen/
GuitarStringSeparation-MF-NMF-NMFD\ Although this set includes only
comping performances, ours includes the corresponding solos, too.
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TABLE I: Performance comparison of multi-channel Wave-
U-Net (multi-W-U-Net) on Hex data of GuitarSet for various
training/test sets (Total, Comp, Solo) against other separation

models.

Tm‘g‘:g“s‘ Model SDR SIR SAR  SI-SDR
Comp*/Comp*  NMF-Ratio [33] 4.0 13.6 5.1 -
Comp*/Comp*  NMF-Binary [33] 3.1 16.2 3.8 -
Total/Comp multi-W-U-Net 6.1 14.72 7.03 17.35
Comp/Comp multi-W-U-Net 5.86 14.15 6.73 17.18
Solo/Comp multi-W-U-Net 2.6 6.85 2.22 13.93
Total/Solo multi-W-U-Net 8.66 18.48 9.14 6.99
Comp/Solo multi-W-U-Net 048 10.24 3.94 6.38
Solo/Solo multi-W-U-Net 9.15 1938 9.51 6.86
Total/Total multi-W-U-Net 7.40 16.6 8.09 12.17
Total/Total mono-W-U-Net 6.67 14.72 7.36 11.76
Total/Total Demucs [27] 5.37 14.39 5.3 12.24
Total/Total HT Demucs [31] 6.14 15.21 6.25 15.07

The “*’ symbol indicates that certain audio segments were cropped out from
the recordings.

TABLE 1II: Performance of multi-channel Wave-U-Net on
GuitarSet for each string (E, A, D, G, B, e) separately.

E A D G B e

Total

SDR 3.88 4.14 8.8 1191 10.82 474

SIR 13.98 1296 18.64 2399 19.82 1022

SAR 3.73 448 10.19 1392 1223 3.96

SI-SDR 9.46 10.73  17.00 16.86 13.78 5.18
Solo

SDR 3.71 3.62 9.4 1447 13.57 7.2

SIR 13.67 11.73 19.3 27.5 24.04 14.64

SAR 3.49 3.29 10.44 15.9 14.56 7.17

SI-SDR 4.54 347 8.04 11.05 10.15 4.67
Comp

SDR 4.04 4.65 8.2 9.35 8.07 2.29

SIR 14.29 14.2 17.98  20.48 15.6 5.8

SAR 3.97 5.66 9.94 11.94 9.9 0.75

SI-SDR | 1437 1798 2597 22.67 1741 5.7

For the tablature transcription task, to evaluate our multi-
source input strategy, as baseline models we employed
TabCNN [59] and Tab-Estimator [62] utilizing the publicly
available code repositoriesﬁﬂ To create their multi-channel
versions we modified their input layer according to our needs
and we kept all the rest of the training hyper-parameters intact.
Following the original models, we transcribe by predicting
discrete string—fret classes without explicitly modeling playing
techniques. We ran tests for both pickup and microphone input
mixtures relying on CQT spectral features with the aim of
comparing the baseline performance with the multi-channel
versions of ours. In the case of the microphone recordings,
we also tested the performance of the two multi-channel
models with GS-Aux-Mic and ADGP-Mic data. To acquire
measurements representing the ‘capacity’ of these models
using the GuitarSet recordings (either microphone or pickup),
we also tested our method by including the CQT of the
debleeded pickup target signals, involved as distinct channels
in the multi-channel input.

Shttps://github.com/andywiggins/tab-cnn
7https://github.com/KimSehun725/Tab-estimator/tree/master

V. RESULTS
A. Main String Separation Experiments

From Table [Il focusing on the comping recordings, we can
first of all draw a comparison between multi-channel Wave-
U-Net (multi-W-U-Net) performance and the results obtained
with the NMF methods introduced in [33]]. More specifically,
we present the NMF results: a) with the ratio mask (NMF-
Ratio), which yielded the best results for SDR and SAR among
the tested NMF methods [67] and b) with the binary mask
(NMF-Binary), which led to the best SIR performance.

Focusing on the multi-W-U-Net, when training on both
comping and solos and evaluating on comping data (see
Total/Comp set), we note that the model outperforms NMF-
Ratio across all the evaluation metrics. Multi-W-U-Net also
outperforms NMF-Binary considering SDR and SAR, but it
performs worse when it comes to SIR, a metric indicating
audio bleed. We should, however, note that the comparison
with these NMF methods presented in [33]] is not symmetrical.
Firstly, as explained in Section [IIi in contrast to our core
method, pitch and onset annotations were involved in the
training workflow of the latter work and separated signals
were not automatically associated to string labels. Secondly,
in [33]], certain note classes were not considered at all and
the corresponding note events were omitted from the test set
recordings; specifically MIDI-notes 42 and 43. Instances of
these notes have been cropped out of the test set recordings.

In addition to using only the comping recordings as the test
set (Total/Comp), we also report results separately for the solos
(Total/Solo), as well as for the whole test set (Total/Total).
These three runs exhibit that the employed model performs
better in the case of Total/Solo for the standard BSS Eval
metrics, but not for SI-SDR which showcases a steep drop.
This discrepancy follows from scale handling and the effect
of windowed evaluation in SDR.

Firstly, SDR decreases when the model has difficulty in pre-
serving amplitude across the sources (see Fig. [6a). Secondly,
unlike SI-SDR, windowed SDR has a tendency to strongly
penalize false positives in reference-silent regions (see Fig.
[6c). Based on eq. [} within our 2-s window, when reference
Is"|l = 0, while |lekes|| > 0, then SDR" — —o0; a feature
noted also in [[67]. Averaging over windows can therefore
substantially depress the final SDR; a behavior which is not
necessarily undesirable, but explains the gap to SI-SDR which
is computed over the whole signal without penalizing false
positives so aggressively (see equation [2). Finally, in windows
where 5" ~ 0, but s" is active, we have e, = s", so
SDR"™ ~ 0dB . SI-SDR features essentially the same behavior
for segments where §” = 0. Thus, both SDR and SI-SDR
don’t assess positively the correctly estimated silent regions
(Fig.[6b). Also, they don’t aggressively penalize false negatives
as SDR does with false positives (see Fig. .

Hence, in comping performances (Total/Comp) where silent
source segments are not prevalent, the fact that SDR<SI-SDR
points to difficulty in amplitude preservation and to possible
source leakage (see ‘false positives’), although the relatively
high SIR (14.72 dB) suggests bleed is not the dominant
issue. Silent segments are a lot more prevalent in solos where
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typically only one string at a time is active. The notable
decrease of SI-SDR for Total/Solo can be attributed to the
zeroing effect of such long silent § sections. Although such
regions have an impact on SDR too, the effect is compensated
by the model’s ability to ensure accurate string association—
i.e., no leakage, as indicated by the high SIR (18.48)—and so
instead of a drop in SDR we witness an increase.

In Table [ we compare training on only comping vs.
only solo material. As expected, Comp/Comp outperforms
Solo/Comp, and Solo/Solo outperforms Comp/Solo. Notably,
Comp/Comp is worse than Total/Comp across all metrics,
while Solo/Solo is better than Total/Solo. This indicates that
including solos in training increases performance, whereas
comping alone is insufficient. In fact, more comping data could
prove beneficial as depicted in Fig. [7]] where we present the
performance curves of the SDR metric for varying sizes of
the training set for each split. We observe that the number of
recordings affects the results strongly. Especially in the case of
the comping data split the relation between SDR and training

Total SDR
—e— Comp SDR
gl —— Solo SDR

1/2 Training Set 3/4 Training Set
Training Data Fraction

1/4 Training Set Full Training Set
Fig. 7: SDR results for multi-channel Wave-U-Net over
GuitarSet’s pickup recordings when randomly reducing the
amount of trained data to 3/4, 1/2 and 1/4, separately for the
Total, Comp and Solo dataset splits.

set size is roughly linear.

In Table[l, we also include results for the original one-stream
Wave-U-Net [19]] (mono-W-U-Net), Demucs and HT Demucs
for Total/Total. We observe that mono-W-U-Net performs
worse than the multi-channel model across all metrics, thus
confirming the necessity of adopting multi-W-U-Net as our
main architecture. Both Demucs and HT Demucs performed
notably worse than multi-W-U-Net for all metrics except
SI-SDR. Demucs achieved roughly the same SI-SDR value as
multi-W-U-Net, while HT Demucs clearly outperformed both.

In Table [, evaluation results for multi-W-U-Net trained
in Total GuitarSet dataset are displayed for every string
separately. Strong divergence in the separation performance on
each source can be noted. Similar patterns in the performance
measures are present in both solo and comping recordings.
This behavior can be mainly ascribed to the imbalanced
distribution of string activations in the dataset displayed in
Fig. El Strings D, G and B, for which we achieve best
accuracy, are shown to be over-represented in GuitarSet. It
is for these exact sources that we achieve better results for
all separation metrics. In Fig. [5] we also present the string-
wise note distribution for the whole DadaGP which follows a
similar, yet slightly more uniform, pattern.

B. Studying the Impact of the Recording Equipment and of
the Auxiliary Datasets on Separation Performance

In Table [T we exhibit and compare the performance of
multi-W-U-Net for Total/Total set when trained with the non-
debleeded pickup and mic recordings as inputs, as well as
with the auxiliary datasets used either in an isolated mode,
serving for the test case scenario where separation relies
solely on string-fret annotations, or with ADGP serving for
dataset augmentation. We include 95% confidence intervals
via a bootstrap over our fixed test set tracks (5,000 draws).
In the case of Pckp, good output quality was maintained,
even though a clear drop can be observed for the BSS Eval
metrics, but only a slight drop for SI-SDR. The performance
drop in SDR and SAR indicates slightly increased difficulty



TABLE III: Multi-channel Wave-U-Net performance across various training sets (GuitarSet and Aux. Datasets).

Training Set Test SDR SIR SAR SI-SDR SDRsol0 SDRcomp SI-SDRgo10 SI-SDR comp
Hex Hex 7.40£0.74 16.61 £1.29 8.09 £ 0.69 12.17 £ 1.53 8.69 £ 1.16 6.12+0.72 6.99 +0.58 17.35£1.58
Pckp Pckp 5.75+0.71 1599 £1.28 6.70 £0.61 11.87+1.49 6.56 +1.01 4944091 6.79 £0.54 16.95 £ 1.57
Pckp & ADGP-Pckp Pckp 5.89 +0.68 16.66 £ 1.19 6.72 £0.59 11.77+1.48 6.66 +0.97 5.11£0.90 6.72£0.52 16.82 £ 1.56
ADGP-Pckp Pckp 0.74 £0.41 3.13+£1.17 2.19+£042 6.05+£0.67 0.66 £ 0.66 0.81£0.43 3.98£0.38 8.11+£0.79
GS-Aux-Pckp Pckp 1.79 £0.47 5.14+1.15 1.52£0.40 8.45 £ 1.04 2.55+0.66 1.03 £0.57 5.45+0.40 1145+ 143
GS-Aux-P. & ADGP-P. Pckp 246 +£0.45 8.63+1.27 2474044 8.62£1.00 2.77+0.61 2.1540.63 5.40£0.36 11.84 £ 1.15
Mic Mic 0.90 £0.43 8.40+1.36 0.29 +0.38 9.59£1.30 0.92 +0.64 0.89 £0.58 5.05+042 14.13 £1.31
Mic & ADGP-Mic Mic 1.19+£0.39 9.594+1.34 0.344+0.41 9.52+1.30 1.27+£0.52 1.10£0.56 5.01£042 14.03 +1.36
ADGP-Mic Mic -2.734+0.39 -5314+1.32 -4.09 +0.34 5.25+0.98 -3.491+0.61 -1.96+034  2.17+0.38 8.33+1.20
GS-Aux-Mic Mic -2.334+0.33 045+1.18 -1.514+0.33 8.14£0.99 -266+042  -2.00+0.51 5.194+0.44 11.09 £ 1.30
GS-Aux-M. & ADGP-M.  Mic -2.254+0.30 1.97£0.98 -1.28 +0.40 8.42+£0.99 2474040 -2.02£043 530£042 1154 £1.24

Entries are reported as mean + 95% CI.

for the more realistic separation scenario where the input
mixture is not artificially constructed by adding up the post-
processed (debleeded) normalized targets. A marginal increase
in the SDR and SIR is achieved when involving ADGP-Pckp
for augmentation, although well below the range of our ClIs.
The performance decreases significantly when involving only
the auxiliary datasets (GS-Aux-Pckp and/or ADGP-Pckp) yet
without pointing to actual failure in achieving separation. The
two auxiliary datasets combined prove a fruitful choice as
compared to using only one of them; especially ADGP-Pckp
leads to clearly sub-optimal results.

When it comes to the microphone guitar recordings, the
decrease in performance is a lot more pronounced, validat-
ing that separating mic input is a much more difficult task
for reasons discussed in Section Data augmentation
(Mic & ADGP-Mic), again, boosts performance marginally.
The measurements using the isolated auxiliary datasets lead
to markedly low values across all metrics. This should be
expected since the auxiliary datasets were employed partly
to realize microphone-to-microphone separation. However, in
our test set (Mic) the targets are the debleed pickup chan-
nels. Better insights on the usefulness of our dataset-creation
algorithms are provided from the involvement of our pickup-
derived dataset versions that were discussed right above. More
insights can be drawn by the tablature transcription tests that
follow.

C. Tablature Transcription

In Table we display the performance of TabCNN and
Tab-Estimator for various types of input mixtures, always
relying on the train-test split defined in [33|], including separate
results for comping and solo performances. We mainly focus
on the F-measure metrics, as well as on the TDR. Comparing
the pickup and mic inputs under the baseline TabCNN setup
(i.e., X X rows), the results for the pickup input as compared
to those of the mic input are 5% higher for TF, 4% higher
for PF and 2% higher for TDR. This again exhibits the
greater difficulty of dealing with microphone recordings. Both
for the mic and the pickup versions of the recordings, the
inclusion of debleeded polyphonic pickup channels in the input
(see ‘Ground-Truth’ string-sources) significantly improves the
performance on both pitch and tablature estimation, yielding
nearly identical results for frame-level measurements. These

outcomes, highlighted in the gray-colored rows of Table
reflect the capacity of our multi-source versions of TabCNN
and Tab-Estimator as evaluated on the GuitarSet dataset.
Compared to the baseline TabCNN, the improved performance
for both the pickup and mic inputs validate our core assumption
that our multi-source strategy can indeed boost transcription.
The fact that TDR is maximized indicates that the errors can
all be attributed to pitch estimation mismatches.

By further analyzing the results of Table we arrive
at the central finding of this section: when applied on the
Wave-U-Net-derived 7-channel pickup and pickup-derived in-
put, the multi-source TabCNN consistently outperforms the
baseline TabCNN, with TF and PF metrics exhibiting a notable
increase. In fact, when relying on dataset augmentation (i.e.
Pckp & ADGP-Pckp) TabCNN outperforms all the reported
training configurations for PF/TF (naturally, ignoring the gray-
rows indicating capacity). As a limitation we should note
that TabCNN shows considerable variability across confi-
dence intervals, and none of the configurations provide a
decisive boost except for TDR and PF.qy,. We also achieve
transcription enhancement for Tab-Estimator in most cases
(although the performance boost is marginal) except in the
note-level evaluation of Tab-Estimator, when involving only
our auxiliary sets (i.e., last row). Given the corresponding mic
input mixtures, while the multi-source TabCNN still performs
slightly better than the standard TabCNN for PF and PFg, that
is not the case for TF and TDR. Our mic-derived auxiliary
datasets lead only to a marginal boost of TF,,, and overall
slightly better results than when relying solely on Mic. No
such boost was showcased in the case of Tab-Estimator at
all, and we didn’t include these results in Table to avoid
redundant information.

These results validate that separation-guided transcription
enhancement is possible when dealing with the pickup input,
even in the test case scenario where we don’t involve the
readily available string-wise recorded channels. We also note
some encouraging results in the case of microphone recordings
that provide an extra (indirect) positive assessment of our
auxiliary datasets.

VI. CONCLUSIONS

In this paper, we presented an end-to-end method for guitar
string separation relying on a supervised learning approach.



TABLE IV: Tablature transcription performance of TabCNN and Tab-Estimator on GuitarSet.

Input Separated multi-W-U-Net

M‘;X' nges Training Set PP PR PF P TR TF TDR ‘ PFsso TFsoo  PFcomp  TFcomp

TabCNN [59] Frame-level
. 0901 0898 0000 _ 0901 _ 0895 0898 1000 0912 0010 _ 0895 0894
pewp G X 40020 40022 40019 40021 40022 +0020 40000 +0015 +0015 +0.027  +0.027
) 0902 0831 0865 0883 0813 0847 0979 | 0891 0880 0815 083
pickup X X +0.021  £0.022  +0019  +£0.020 £0.023 +0.021  +0.006 | £0.015 +£0.017 +0.026  =+0.026
) . 0898 0858 0877 0889 0848 0868 0992 | 0906 0892 0867 0859
pickup - multi-W-U-Net Pekp 40020 40023 40019 40022 40026 +0021 40007 | £0.015 +0.021  +0.026  +0.029
) ‘ Pekp 0882 0881 0881 0873 0872 0872 0993 | 0909 0895 0871  0.364
pickup  multi-W-U-Net o \pGp pekp | £0.022 40022 40019 40022 40024 40021  +0.006 | £0.016 +0.020 +0026  +0.028
) . GS-AuxPckp | 0899 0845 0871 0888 0833 0860 0090 | 0902 0888 0859 0830
pickup  multi-W-U-Net g s nGppekp | £0.021 40025 40019 +0020 40026 40021 40005 | £0014 40019 40027  +0.029
. 0907 0890 0898 0906 _ 0887 0897 1000 00T _ 0908 0893  0.893
e Giremmel-Thmiin X 40020 40024 40020 40020 40024 +0020 +0000 +0015 +0016 +0.027  +0.027
- p p 0892 0789 0838 0846 0753 097 0947 | 0865 0830 0887  0.785
1£0.020 40025 40022 40023 40031 40028 40022 | £0.018 40026 +0025  +0.038
- WU e 0887 0806 0844 0805 0736 069 0017 | 0880 0810 0831  0.75
40022 40029 40021 40042 40051 +0045  +0040 | £0.018 +0.034  +0.029  +0.062
— - Mic | 0883 0808 0843 0812 0749 0779 0931 | 088 0835 088 0759
&ADGP-Mic | 40022 40029 40021 40035 40046 40039 +0032 | £0.017 +0030 +0.027  +0.055
- o iwu~e  GSAucMic | 0889 0796 0880 0824 0746 0753 0940 | 0850 0835 085 0763
&ADGP-Mic | 40021 40027 40020 40028 +0.039 40032 40023 | £0.019 +0.030 +0.028  +0.045

Tab-Estimator [62] Frame-level
) 0883 0012 0897 0882 0900  089% 1000 0014 0012 0891 089
Py Gitenmik i X 40012 40013 40011 40012 +0013 40011 +0.000 +0011 40011 +0015 +0.015
. P x 0876 0868 0872 0864 0857 0861 0990 | 0908 0897 085 0848
pickup 40013 40015 40012 40013 40017 +0013 40005 | £0011  +0016 +0016 +0.018
) : Pekp 0868 0883 0875 0861 0875 0868 0994 | 0907 0894 0864  0.858
pickup  multi-W-U-Net o \pGp pekp | £0.012 40016  +0013 40013 40017 40013  +0.004 | £0.011  +0016 +0017  +0.018
) A GS-AuxPckp | 0860 0882 0875 0860 0871 0865 0991 | 0910 0895 0863 085
pickup  multi-W-U-Net ¢ s nGppekp | £0.013 40016 40013 +0014 40017 40013 40005 | £0010 40015 40017  +0018

Tab-Estimator [62] Note-level
) 0857 0005 0878 08% 0903 0877 1001 0893 0891 0864 0863
Py Gitenmk i X 40014 40013 40013 40014 +0013 40013 40001 +0013 40013 +0.022 +0.022
. p p 0862 0874 0865 0851 0864 085 0990 | 0.800 0880 0839 0828
pickup 40014 40015 40012 40015 +0015 0014 +0006 | £0.014 +0016 +0.021  +0.022
) ‘ Pekp 0854 0887 0868 0847 0878 0860 0993 | 0892 0883 0843 0837
pickup  multi-W-U-Net o \pGp pekp | £0.014 40014 40013 40015 40015 40014 40006 | £0.014 40016 +0021  +0.022
o wiumer  GSAuPckp | 085 0875 0864 0846 0863 0851 0087 | 0890 0879 087 0824
pickup &ADGP-Pckp | £0014  +0014 40013 40016 40016 +0.016 +0.009 | £0.015 +0.020 +0.021  =+0.023

Gray colored rows indicate the maximum achievable transcription enhancement for each input/model tuple (see ‘capacity’) by involving the dataset’s
ground-truth string-channels. Bold black letters indicate the maximum column values in between the gray areas for each metric. Green/red colors pinpoint
successful/failed transcription enhancement based on PF/TF. We ignore redundant test for Tab-Estimator and most importantly mic input experiments
which constantly lead to under-performance and showcase the pertinent behavior only for TabCNN. Entries are reported as mean £ 95% CI.

We showcased the strong advantages of this approach not only
in terms of output quality but also in its range of application
scenarios (i.e., both comping and solo performances), its
ability to straightforwardly associate the separated signal to
the corresponding string labels, and its independence from
any intermediate inference steps. Two dataset manipulation
techniques were applied, resulting in the introduction of two
auxiliary datasets: ADGP and GS-Aux. Notably, this approach
does not only lead to encouraging performance results, but
it also introduces a methodological shift, by moving away
from the reliance on string-wise target signals obtained with
specialized hardware (such as hex pickups), and points towards
other data gathering settings. Furthermore, we experimented
with a method to bring into effect our idea for separation-based
tablature transcription focused on leveraging information from
the separation results by using well-established tablature in-
ference models. The method proved effective for tablature
transcription enhancement with TabCNN over the standard
pickup-input and the pickup-derived auxiliary sets, but only
partially and marginally in the microphone-input tests. Small
benefits are also reported for Tab-Estimator.

Future work includes experimenting with different model ar-

chitectures and training techniques for source separation. The
intersection of source separation with music transcription is an
area with strong potential for further exploration. The inclusion
of additional training data and augmentation techniques that
could ensure more balanced string activation time spans could
be another investigative direction. The involvement of more
than one guitar in the employed datasets as well as cross-
dataset testing should also be explored, since recent studies
have shown that tablature transcription models trained on one
guitar only, often significantly degrade when tested elsewhere
(e.g., cross-dataset TabCNN evaluations report sizable drops
in TF and TDR [70], [71])). Dataset-creation techniques like
the ones proposed in this work could also pave the way for
string-level processing of string instruments other than guitars.
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