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ABSTRACT

Annotations related to musical events such as chord la-
bels, measure numbers, or structural descriptions are typ-
ically provided in textual format within or alongside a
score-based representation of a piece. However, follow-
ing these annotations while listening to a recording can
be challenging without additional visual or auditory dis-
play. In this paper, we introduce an approach for enriching
the listening experience by mixing music recordings with
synthesized text annotations. Our approach aligns text an-
notations from a score-based timeline to the timeline of
a specific recording and then utilizes text-to-speech syn-
thesis to acoustically superimpose them with the record-
ing. We describe a processing pipeline for implementing
this approach, allowing users to customize settings such as
speaking language, speed, speech positioning, and loud-
ness. Case studies include synthesizing text comments on
measure positions in Schubert songs, chord annotations
for Beatles songs, structural elements of Beethoven piano
sonatas, and leitmotif occurrences in Wagner operas. Be-
yond these specific examples, our aim is to highlight the
broader potential of speech-based auditory display. This
approach offers valuable tools for researchers seeking a
deeper understanding of datasets and their annotations,
for evaluating music information retrieval algorithms, or
for educational purposes in instrumental training, music-
making, and aural training.

1. INTRODUCTION

Researchers in the field of music information re-
trieval (MIR) are always looking for methods and tools
to improve the understanding and accessibility of musical
data. Annotations describing musical properties, such as
chord labels and structural elements, are essential for the
understanding of musical pieces. However, such annota-
tions are not easily accessible while listening because they
are typically provided in textual format within or alongside
a score-based representation of a piece.

Visualizations play a crucial role for making such infor-
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Figure 1. Illustration of synthesizing measure annotations
using a song from Schubert’s Winterreise [1]. Measure
numbers are extracted from the musical score and auto-
matically transferred to the audio recording.

mation more accessible. For example, the Score Viewer
interface presented in [2] visualizes the musical score of a
piece while playing back a corresponding audio recording.
The information contained in the score becomes more ac-
cessible for the user because the currently played measure
is highlighted within the shown musical score.

Another common way of making music annotations
more accessible is sonification, which refers to using non-
speech audio to represent information [3]. For exam-
ple, the Python package 1ibrosa [4] includes a function
(librosa.clicks) that generates an audio signal with
click sounds positioned at designated times, with options
to adjust frequency and duration of the clicks. Moreover,
the Python toolbox libsoni [5] provides methods for
sonifying fundamental frequency trajectories or piano rolls
using sinusoids.

While these approaches fall under sonification, a more
general term for conveying information through sound is
auditory display, which also includes speech-based meth-
ods [3]. In this paper, we introduce a processing pipeline
that employs text-to-speech (TTS) synthesis as a form
of auditory display, converting textual annotations into
speech and allowing annotations to be acoustically inte-
grated into the music recording. This approach offers a
flexible alternative to previous methods, allowing users to
access a variety of annotations while listening.

An example is shown in Figure 1, where we use this ap-
proach for announcing measure numbers within a record-
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ing. While measure numbers can be directly read off from
the musical score, they are not accessible within a record-
ing. Measure number annotations with respect to a specific
recording are obtained by identifying the musically cor-
responding temporal positions within the recording, e. g.,
using score-audio alignment techniques [6, 7]. After this
step, our approach uses a TTS system [8—10] for synthe-
sizing the annotations, and then acoustically superimposes
generated speech and the given recording.

This paper is structured as follows. In Section 2, we
describe the individual steps of our processing pipeline
and which customization options are available to the user.
Then, in Section 3, we present several case studies of how
this approach may be used by MIR researchers, including
text comment synthesis of measure positions in Schubert
songs, chord annotations for Beatles songs, structural el-
ements of Beethoven piano sonatas, and leitmotif occur-
rences in Wagner operas. Finally, in Section 4, we con-
clude the paper.

2. PROCESSING PIPELINE

The processing pipeline comprises four steps. First, the
desired information regarding musical events needs to be
extracted from the score. Second, all events need to be lo-
calized within the given recording by temporally aligning
score and audio. After that, a suitable text snippet needs to
be generated for every event, which is then converted into
an audio signal using a TTS system. Finally, the synthe-
sized text comments are post-processed and superimposed
with the given recording. All of these steps are explained
in more detail in the following subsections.

2.1 Music Information Retrieval

In this initial step, we gather information regarding musi-
cal events of interest for the given recording. One option
is to extract that information from the musical score corre-
sponding to the same piece. Certain types of information
may be directly available, e. g., measure numbers are usu-
ally written at the start of every staff system, or the chords
being played in pop songs are written above the lyrics in
a chord chart. Other types of information, however, may
not be specified explicitly but need to be extracted by ana-
lyzing the score, e. g., structural information, or the occur-
rences of important patterns such as melodies or motifs.

Depending on the type of information, the retrieval pro-
cess may be carried out manually or using automated meth-
ods. Section 3 provides examples of how this step may be
performed in different scenarios.

Within this step, we only need to find the position of ev-
ery musical event with respect to the timeline of the score,
i. e., the position on a continuous measure axis. In the next
step, we align the measure timeline of the score with the
physical timeline of a specific recording in order to asso-
ciate every event with a physical point in time.

2.2 Temporal Alignment

We now convert measure positions with respect to the
score into absolute time positions within the recording. To
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this end, one can employ score-audio synchronization [6],
where the goal is to find for every position in the score the
musically corresponding position in the recording. A com-
mon approach for music synchronization is to first convert
both versions into more suitable representations, €. g., se-
quences of chroma features, which capture harmonic and
melodic information, and then perform the alignment of
these representations using techniques based on dynamic
time warping [7, 11-13]. After this step, we have a list of
musical events together with their respective time positions
on the physical timeline of the recording.

2.3 Text Comment Generation and Synthesis

Next, we need to find text snippets that describe the musi-
cal events and that can then be given as input to the TTS
system. For some types of events, this step is straightfor-
ward, e. g., measure numbers in numerical format can typ-
ically be directly articulated by TTS systems. Other events
may require a mapping to a suitable format, e. g., chord an-
notations like D’min first need to be brought into a format
like “D flat minor”. If required, such a mapping needs to
be defined by the user.

For TTS synthesis, we rely on already trained deep
learning-based models, for which we have the following
requirements. First, synthesis should work on any com-
puter, i. e., the model should not necessarily require a GPU
for generating speech signals, and we do not want to rely
on API-based solutions requiring internet connection. Sec-
ond, multilingual synthesis should be supported in order
to make the use of the pipeline attractive to users from
different languages. Also, there may be musical events
for which the description can not be well translated into
other languages, e. g., the occurrence of leitmotifs in Wag-
ner operas are best announced in German for that rea-
son. Third, the generated speech should be customizable
in speed, e. g., to avoid temporally overlapping comments.
Fourth, the implementation should be open source and
model checkpoints should be publicly available.

Most of these requirements are fulfilled by the TTS
Python package ! . This package provides implementations
for several architectures together with model checkpoints
for multiple languages, and most of the provided models
can be employed without the need of a GPU. The only re-
quirement not fulfilled is the customizability of speed. A
remedy to this problem is suggested in Section 2.4.

The majority of TTS models work with a two-step pro-
cess: The acoustic model takes text as input and predicts a
mel spectrogram, and then the vocoder takes this spectro-
gram as input and generates a corresponding time-domain
audio signal. From the TTS package, we use models for
different languages with Tacotron 2 [8] as the acoustic
model and HiFi-GAN [9] or UnivNet [10] as the vocoder.
Among the other options, these models provided the best
impression in an informal listening test. We further noticed
that it is beneficial to end the text snippet with a period for
a more natural prosody in the synthesized speech.

As a result of this and the previous steps, we have a set
of synthesized text comments, i. e., short audio signals, to-
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gether with the respective time positions in the recording
to which they are related.

2.4 Post-Processing and Superposition with Recording

In this last step, we post-process the synthesized text com-
ments individually and superimpose them with the music
recording. More formally, let = be the given audio signal
with samples z[n]| and discrete time index n. The num-
ber of samples is denoted by N, and the sampling rate
by F;. Further, we assume to have M synthesized text
comments ¢,, with m € {1,2,..., M} and different du-
rations N, given in terms of number of samples. As de-
scribed in Section 2.2, we have obtained physical time po-
sitions ¢, for all the comments, which are given in sec-
onds. Furthermore, we define gain factors w,, > 0 for
the individual comments. In the following subsections, we
describe options for modifying the synthesized text com-
ments and time positions, and for choosing the gain fac-
tors, giving the user the possibility for customization.

2.4.1 Speed

As part of this processing pipeline, we want to provide
users with the option to adjust the speed and duration of
synthesized text comments. As already mentioned, the
TTS models employed in this work do not directly offer
this flexibility. Therefore, we adopt an approach of modi-
fying the comments’ durations afterwards.

As a first step, we apply the trim effect provided by
the 1ibrosa? Python package [4] to remove leading and
trailing silence in the synthesized speech. Thereafter, we
utilize time-scale modification (TSM) techniques [14, 15],
which allow for changing the speed of an audio signal
without altering its pitch. For this purpose, we use the
1ibtsm Python package, which is a re-implementation
of the Matlab TSM toolbox [16]. From the functions
this package provides, we use the technique based on
harmonic-percussive separation [17].

We provide the user with three parameters, speed,
t_min, and t_max, to adjust the duration of the com-
ments. The first parameter, speed, specifies a factor by
which the speed should be changed, i.e., it modifies the
speaking tempo. The remaining parameters, t_min and
t_max, additionally set hard limits to the durations in sec-
onds. Based on these parameters, we determine for the m™
synthesized text comment a factor ., by which it will then
be uniformly stretched. This factor describes the change in
the signal’s duration and can be calculated as

. Nm/Fs . Fs

Q= min| max ,t_min ), t_max | - s
speed Np,

1

where N,,,/Fy is the original signal’s duration. If either
of the parameters t_max or t_min is set to None, the
respective min or max term in Equation (1) is omitted, and
no temporal limitation is applied in that regard.

By default, we use speed = 1.0 and t_min =
t_max = None, i.e., the TTS model’s original speaking

nttps://github.com/librosa/librosa
3https://github.com/meinardmueller/libtsm
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tm

pos_rel = 0.0

pos_rel =1.0

Figure 2. Illustration of relative positioning as defined by
the parameter pos_rel. For pos_rel = 0.0, the com-
ment starts at time t,,, whereas for pos_rel = 1.0, it
ends at time t,,,.

tempo is preserved and no temporal limitation is applied.
In the following, we denote the time-scale-modified text
comments by ¢,,.

2.4.2 Positioning

Every comment is associated with a single time stamp ¢, .
However, it is not yet specified how the comments should
be temporally positioned with respect to these points in
time. For specifying the positioning, we introduce two
parameters, pos_rel and pos_offset_abs. With
pos_rel, we define the relative positioning, i. e., the frac-
tion of the comments’ durations that should have been
played back before time ¢,,,. The effect of this parameter is
illustrated in Figure 2. Additionally, pos_offset_abs
describes an absolute temporal offset in seconds, providing
more flexibility in temporal positioning.

Denoting with n,, the discrete time index at which the
m™ comment starts, this index is given by

Ny, = round((tm + pos_offset_abs) - Fj
—pos_rel - qm, - Nm). 2)

In the default setting, we use pos_rel = 0.0 and
pos_offset_abs = 0.0s. In this case, the m™ com-
ment starts at time ¢,,,.

2.4.3 Loudness

As another last post-processing option, we allow for ad-
justing the individual loudnesses of the comments by deter-
mining appropriate gain factors w,,. Due to the complexity
of the human auditory system, it is hard to measure loud-
ness as it is perceived by humans [18]. Following industry
standards, we measure perceived loudness as described in
ITU-R BS.1770-4 [19], using loudness units relative to full
scale (LUFS) as metric. Based on this standard, we use
the local loudness of a given audio signal, which is time-
varying and measured over segments of 400 ms length, and
the global loudness, which describes an average loudness
over the entire duration of the signal. For computing the
global loudness, a gating mechanism is used, i.e., seg-
ments with a local loudness below a certain threshold are
excluded from the averaging to obtain a metric that better
aligns with human perception of audible content. The dif-
ference between loudness values in LUFS is denominated
in loudness units (LU). The pyloudnorm* Python pack-

4https://github.com/csteinmetzl/pyloudnorm
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Figure 3. Loudness curves for an excerpt of a Beethoven
piano sonata recording. The local loudness is computed
for overlapping blocks of 400 ms, and the comment target
loudness is computed using Equation (3) with the default
parameters mentioned in Section 2.4.3.

age [20] implements this standard, and an example of local
and global loudness for an excerpt of a Beethoven piano
sonata recording is shown in Figure 3.

One option is to choose the loudness of the comments
relative to the loudness of the given recording. However,
it is unclear whether to choose global or local loudness as
a reference. As an example, consider the time position at
around 12 s of the recording for which the loudness curves
are shown in Figure 3, where we observe a large gap be-
tween local and global loudness. Choosing the comment
loudness based on the global loudness renders the com-
ment orders of magnitudes louder than the recording itself,
which may distract the listening experience. On the other
hand, choosing the comment loudness based on the low lo-
cal loudness at that position may impair the intelligibility
of that comment.

Instead, we suggest using both the recording’s local and
global loudness to determine a comment’s target loudness.
We denote the local loudness of the recording over the seg-
ment where the m™ comment should be placed as Lioe,m
and the global loudness over the entire duration of the mu-
sic recording by Lyjop.

The loudness of the m™ comment ¢, is denoted by L,,.
Here, we use the average loudness over the whole com-
ment duration and ignore fluctuations, assuming that the
comments are typically short. Let L/ be the comment tar-
get loudness, which may be computed by

h

L), =w_glob_loc - (Ljem+ offset_loc)
+ (1 —w_glob_loc) - (Lge + of£set_glob),
3

where offset_loc and offset_glob are offsets
in LU relative to local and global loudness of the given
recording, respectively. The factor w_glob_loc € [0, 1]
allows for balancing the impact of local and global loud-
ness. As default parameters, we suggest w_glob_loc =
0.5 and offset_loc = offset_glob = —5LU,
where both local and global loudness of the recording are
equally considered, but the comments are reduced in vol-
ume compared to the recording. Using these values, the
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Parameter Description

speed speed factor

t_min minimum duration per comment (in s)
t_max maximum duration per comment (in s)
pos_rel relative positioning

pos_offset_abs
offset_loc
offset_glob
w_glob_loc

absolute temporal offset (in s)
offset local loudness (in LU)

offset global loudness (in LU)
balancing factor between global and
local loudness

Table 1. Overview of the parameters of the processing
pipeline.

comment target loudness curve in Figure 3 was computed.

A change in loudness denominated in LU can be realized
by applying a gain of the same amount in dB. Therefore,
the linear gain factors are calculated as

Wy = 10Fm=Lm)/20, 4)

2.4.4 Superposition

Finally, we define a comment track c as

M
c[n] = Z W, * Cm [N — o], Q)
m=1

and the superimposed recording y is obtained as
y[n] = z[n] + ¢[n] (©)

for all n. Note that the length of ¢ may exceed the length
of z if there exists a comment which starts ahead of the
given recording, or if there exists a comment that ends af-
ter the music recording. Furthermore, note that it is not
ensured that comments do not overlap.

An overview of the parameters of this processing pipeline
is given in Table 1. Depending on the need of specific
applications, the post-processing may be extended in
future work.

While the first two steps of our processing pipeline re-
quire adaptation to the specific scenario, the last two steps
described in Sections 2.3 and 2.4 are similar for all scenar-
ios. We provide a Python implementation > of these steps,
making use of the mentioned packages. The implementa-
tion does not require GPU acceleration and runs reason-
ably fast on standard hardware.

3. CASE STUDIES

In this section, we present four case studies to illustrate
how this processing pipeline may be used within the MIR
field. With these case studies, we aim to demonstrate the
capability of this approach in assisting researchers across
diverse scenarios.

3.1 Measure Numbers

In Western classical music, measure numbers serve as es-
sential temporal markers within musical scores, guiding

Shttps://github.com/groupmm/textalignsynth
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Little darling, it's been a long, cold, lonely winter
A D E

Little darling, it feels like years since it's been here
A

Here comes the sun, doo-doo-doo-doo

D B

Here comes the sun

A
And I say, it's alright

Figure 4. TIllustration of synthesizing chord annotations
with an excerpt of the song “Here Comes the Sun” by
The Beatles. Chords may be extracted from the chord chart
or by using automated methods [24,25].

both musicians and researchers through the structure of a
piece. Usually, these numbers are placed at the beginning
of every staff system or at regular intervals. Our pipeline
offers a novel approach to highlight measure numbers
within a recording by announcing them acoustically. This
scenario is illustrated by Figure 1, where measure num-
ber comments are synthesized for a song from the Schu-
bert Winterreise Dataset [1]. The measure position an-
notations contained in this dataset were created manually
for two of the nine versions per song and were automati-
cally transferred to the remaining seven versions using an
audio-audio synchronization technique [21]. Alternatively,
measure positions may be directly extracted from the mu-
sic recording via downbeat tracking [22, 23], eliminating
the need to perform temporal alignment. While measure
positions could also be sonified using simple clicks, our
TTS-based approach is advantageous for navigating within
apiece: When starting to listen to a recording in the middle
of the piece, a person trying to follow the score can easily
identify the current measure number from a commented
recording, but from a recording that only contains clicks at
the measure positions, it is hardly possible. For MIR re-
searchers, this approach may represent a useful option for
checking measure number annotations.

For this scenario, we find it beneficial to increase the
speed of the TTS output, or to even specify a maximum
duration per comment in order to obtain comments which
convey temporally accurate information about the down-
beat position. For the same reason, we opt for com-
ments that start at the given time stamps, i.e., setting
pos_rel = 0.0.

3.2 Chords and Harmonies

In pop music, chord symbols play a central role in defining
the harmonic progression of a song. Unlike classical mu-

STRAHL et al.

ERNEN

Horn Motif (H):

Figure 5. Illustration of announcing leitmotif occurrences
within an excerpt of Wagner’s “Gotterddmmerung”. Oc-
currences of Horn and Ring motif are annotated in the or-
chestral score and transferred to the audio recording.

sic, pop songs are mainly described by a chord chart, which
contains lyrics and chords. Our pipeline makes chord and
harmony analysis easier by announcing chord changes ex-
tracted from the chord chart at the right positions within the
recording. This scenario is illustrated in Figure 4 with an
excerpt of the song “Here Comes the Sun” by The Beatles.
Beyond the auditory display of annotations, this approach
may also be used to examine the predictions made by au-
tomatic chord recognition systems [24,25].

Regarding the positioning, there may be several reason-
able options depending on the needs of the user. If the
goal is to play along, the chord change needs to be an-
nounced before it takes place so that the user can prepare.
On the other hand, a person who examines annotation qual-
ity may prefer comments that start at the exact time of
chord change, providing the user with the temporally most
accurate information about the annotations. For a user who
wants to do aural training for chord recognition, a slightly
delayed playback of the comments may be a useful option
as feedback mechanism and for verification.

3.3 Leitmotifs

Leitmotifs are short musical themes describing a specific
character, emotion, place, or item within a piece of mu-
sic [26]. For instance, leitmotifs are massively used in the
opera cycle Der Ring des Nibelungen by Richard Wagner.
Leitmotif occurrences can be hard to detect for a listener
because the motifs may appear in modified versions with
regard to, e. g., instrumentation, key, rhythm, or tempo. To
obtain the information regarding leitmotif occurrences, ei-
ther expert knowledge is required to identify them within
the orchestral score, or leitmotifs may be automatically
detected using deep learning-based methods [27]. Hav-
ing found all leitmotif occurrences, our idea is then to use
our processing pipeline to announce them within the music
recording. This scenario is illustrated in Figure 5 with an
excerpt of Wagner’s “Gotterdimmerung”, where all occur-
rences of the Horn motif and the Ring motif are announced.
As indicated by the dashed lines, we suggest to announce
leitmotifs before they occur so that a listener can concen-
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Exposition:
First Group

First Transition Second Group Cadential
Group =
i - [
i I
Exposition Exposition Development Recapitulation

Figure 6. Illustration of synthesizing structure annotations
using an excerpt of Beethoven’s piano sonata No. 1 F mi-
nor, Op.2 No. 1.

trate on the respective following segments where they ac-
tually appear.

3.4 Structure

Analyzing the structure of a piece of music is a central task
in musicology. In this case study, we explore the use of au-
ditory display to make the structure of a piece acoustically
accessible within a recording. This approach may be ap-
plied, e.g., to pop songs with verse—chorus structure, or
to classical sonatas adhering to the sonata form consist-
ing of exposition, development, and recapitulation. Such
structures can be determined based on the musical score or
may be derived from the recording using automated meth-
ods [28,29]. As an example, we use Beethoven’s piano
sonata No. 1 F minor, Op. 2 No. 1, which exhibits the con-
ventional sonata form. The exposition of this piece can be
further divided into first group, transition, second group,
and cadential group. The information regarding structure
is given as textual information, and we can use our pro-
cessing pipeline to announce the upcoming section as vi-
sualized in Figure 6. As for the leitmotifs in Section 3.3,
we choose to position the comments in such a way that they
precede the start time of the respective announced section,
giving the listener the chance to carefully listen to the be-
ginning of each section.

4. CONCLUSION

With the processing pipeline presented in this paper, we
demonstrated that TTS synthesis is a viable option for
auditory display, making certain kinds of information re-
lated to a music recording accessible while listening to the
recording. The key feature of our approach is that the in-
formation is conveyed via the same acoustic modality as
the recording itself. As a consequence, there is no need
for a listener to keep track of that information within the
visual domain. This is beneficial for situations where it
is difficult for a user to temporally align information from
both domains, or for situations where information from the
visual domain can not be observed by the user.

STRAHL et al.

For researchers in the MIR field, the use of this pipeline
allows for gaining a deeper understanding of datasets to-
gether with their annotations. Compared to visual ap-
proaches, this acoustic approach of making annotations ac-
cessible may facilitate the assessment of annotation qual-
ity for certain scenarios as demonstrated by our case stud-
ies. With customization options regarding language, com-
ment duration, positioning, and loudness, this processing
pipeline represents a versatile asset for MIR researchers,
which allows for a novel way to interact with musical data.

In future work, we want to explore how our approach may
serve educational purposes. The case studies presented in
this paper suggest various scenarios: For orchestral musi-
cians, measure number comments may assist in synchro-
nizing sheet music with recordings. An orchestral musi-
cian’s sheet typically contains only their own part, and it
may be difficult to focus the hearing on that part within
a recording that contains all parts. Synthesized measure
number annotations restore the synchronization for every
measure. Another scenario could be a guitarist trying to
play along with a song. If the chords are announced shortly
before they are to be played, the guitarist can prepare for
the change and then play along without having to read the
chord chart. Furthermore, our approach may be used for
aural training, e. g., chord recognition or interval estima-
tion, where the ground truth can be given to the user shortly
after the query. To assess the practical usability of our ap-
proach and determine optimal parameter settings, future
work will also involve conducting user studies.

Beyond providing the listener with information about the
piece of music itself, this processing pipeline can also be
used to synthesize various types of text comments related
to the music. This includes, e. g., instructions for music
students given by the teacher or choreographic instructions
for dancers associated with specific positions within the
music recording.

Although we present this approach for the music domain,
it should be noted that it can be used for any kind of au-
dio signals with corresponding text annotations, includ-
ing speech signals, environmental sounds, or biomedical
signals—to highlight certain events and to guide the lis-
tener.
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