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ABSTRACT

This paper investigates how real-time recognition of in-
strumental playing techniques can extend automatic score
following beyond the limits of pitch-based alignment. While
systems such as Antescofo provide robust and largely plug-
and-play score following, their listening model is primar-
ily designed for stable, pitched events aligned with a fixed
symbolic score. This makes them difficult to adapt to ex-
tended techniques, unpitched sounds, and musical forms
involving partial improvisation or open notation.

To address these limitations, we explore a hybrid approach
that combines multiple listening machines with comple-
mentary capabilities and allows dynamic switching between
them during performance according to the musical con-
text. Specifically, we integrate Antescofo with ipt˜, a
real-time playing technique recognition system based on
lightweight machine learning models. We focus on the inte-
gration of real-time instrumental playing technique recog-
nition as a means to enrich the listening process and sup-
port technique-aware navigation of the score.

We evaluate this approach on the case of extended flute
techniques, assessing both the feasibility of technique-aware
following and the trade-off between system generality and
performance. Results suggest that learning-based listen-
ing modules provide a practical compromise: they improve
robustness for specific techniques while preserving much
of the plug-and-play character supporting multiple works
and performers. The results highlight a promising balance
between generality, specificity, and performative robust-
ness.

1. INTRODUCTION

1.1 Mixed Music

During the 1950s, experiments with electronic devices led
to the emergence of electronic and electroacoustic music
and to their blending. Unlike electronic music, which uses
only electronic devices, or electroacoustic music, composed
of pre-recorded sounds, mixed music (from French musique
mixte) combines one or more instruments with an elec-
troacoustic apparatus in a single musical work. The elec-
troacoustic apparatus can be represented by one or more
performers manipulating the tape or directly transforming
acoustic sounds with electronic devices. Almost all the
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20th-century leading mixed music composers were primar-
ily contemporary composers, with complex musical lan-
guages and extensive use of instrumental gestures and tech-
niques.

One of the main challenges in performing mixed music
is synchronizing the instrumental and electronic parts. Un-
like orchestra and ensemble music, mixed music combines
electronic and instrumental parts performed through differ-
ent media. The electronic part is executed by a machine op-
erating on absolute time, in seconds, while the instrumen-
tal part is performed by a musician playing in relative time,
the tempo. These two parts follow different time paradigms
and cannot be synchronized as an orchestra would, where
only the relative time paradigm is used. As for instrumen-
tal music, synchronization between the instrumental and
electronic parts is necessary, as the quality of its perfor-
mance relies on it [1].

Antescofo (Anticipatory Score Follower) is a system that
enables real-time alignment of the electronic part with the
live instrumental performance [2]. To our knowledge, An-
tescofo is one of the most robust following systems. How-
ever, it may have difficulties to follow complex musical
gestures, such as extended playing techniques which are
often used in contemporary mixed music. A second draw-
back is that the Antescofo’s listening mechanism relies on
alignment paradigm that is relevant for written music, but
limits the system’s use to entirely written forms, leaving
out more open forms.

1.2 Instrumental Playing Techniques

Instrumental Playing Techniques (IPTs) comprise a diverse
family of performance techniques related to “musical ges-
tures” [3] and encompass the actions the performer ap-
plies to the instrument to produce different timbres. These
actions can be types of articulations (e.g., staccato), or-
naments (e.g., trill), preparation such as with mutes (e.g.
straight mute), and sound-producing methods (e.g. har-
monic) depending on physical features of the instrument.
They have been practiced throughout the history of music
worldwide, shaping local music identities [4].

The performance of playing techniques in Western writ-
ten music is closely tied to their notation. As instrumental
music gained independence from the 15th to the 17th cen-
turies, treatises such as Praetorius’s Syntagma Musicum
(1618) [5] described instruments with minimal indications
of playing technique. The 19th century introduced virtu-
osic performance, prompting the need to standardize the
notation of playing techniques. In the 20th century, ex-
plorations of timbre through Klangfarbenmelodie and later
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avant-garde movements led composers such as Lachenmann,
Ferneyhough, and Grisey to expand instrumental expres-
sion through extended playing techniques, establishing sound
and timbre as core compositional elements [6].

1.3 Alignment versus Recognition

In score following, the alignment paradigm refers to the
continuous matching of a live audio stream against a pre-
defined symbolic representation of the musical work (or,
in the audio-to-audio alignment, to another audio stream).
Antescofo is a representative and successful instance of
this paradigm: its listening machine estimates pitch and
tempo to align performance events with a priori written
symbolic score. While this approach has proven robust
for a wide range of notated repertoires, it implicitly pre-
supposes the existence of a fixed, determinate form against
which the performance can be aligned. As a consequence,
alignment-based following becomes problematic in musi-
cal situations where the form is partially open,
non-deterministic, or only loosely specified. This includes
scores that offer branching choices to the performer, as
well as sections involving guided or free improvisation,
where the notion of a unique reference trajectory through
the score no longer applies. In such contexts, recognition-
oriented approaches—focusing on identifying salient mu-
sical states, gestures, or playing techniques rather than pre-
cise score positions—appear more appropriate.

Conversely, approaches based solely on recognition do
not fully address the requirements of mixed-music perfor-
mance. While recognition systems can identify musical
features such as playing techniques, timbral states, or ges-
ture classes without relying on a fixed score position, they
generally lack an explicit temporal and structural model of
the musical form. As a result, they provide limited support
for anticipation, synchronization, and the precise schedul-
ing of electronic processes over extended time spans. In
the context of mixed music, where the electronic part often
unfolds according to carefully designed temporal relations,
the absence of a reliable notion of progression through the
piece can lead to fragile or musically unsatisfactory inter-
actions. Recognition-based systems are therefore better
suited to describing local musical states than to managing
long-range temporal dependencies.

1.4 Hybrid Following: Extending alignment with
specific recognition

This tension between alignment and recognition suggests
that neither alignment nor recognition alone is sufficient,
and that a productive approach lies in their combination:
alignment provides a global temporal and formal frame-
work, while recognition supplies context-sensitive infor-
mation that can guide, constrain, or disambiguate the align-
ment process, especially in presence of IPT. In the other
hand, recent studies in the field of real-time instrumental
playing technique recognition have led to the development
of reliable systems, such as ipt˜ Max external object [7],
which are applied in the context of interactive co-creative
systems [8].

These considerations motivate the present work and frame
our exploration of hybrid listening strategies that can ex-
tend the applicability of score following beyond pitched

sound and strictly pre-composed, fully specified forms. For
the needs of our study, we focused on flute playing tech-
niques as recent studies [8, 9] provide sufficient elements
to implement a robust system and a comprehensive evalu-
ation. Note, however, that some extended techniques for
the flute still preserve sufficient spectral information for
the limitations of current pitch-based listening machines
to remain moderate. Our aim is not to address the per-
formance of the two approaches to flute IPT, but rather to
assess the feasibility of a hybrid listening approach within
the framework of Antescofo, the robustness (i.e., determin-
ism and stability) of the system, and to examine how such
an approach impacts the specification and writing of the
electronic parts in mixed-music works.

1.5 Organization of the paper

In the first section, we present various flute-playing tech-
niques, introduce Antescofo’s score-following system, and
examine existing methodologies for real-time recognition
of playing techniques. In the second section, we detail our
proposed system that merges Antescofo and ipt˜. In the
third section, we design an evaluation to observe how our
proposed method performs in a real-world, similar setting
for mixed music performance. Finally, we discuss the re-
sults of this evaluation and draw our conclusions.

2. BACKGROUND

2.1 The Diversity of Flute Playing Techniques

Each type of musical instrument has a wide range of in-
strumental playing techniques. In the case of the flute,
various playing techniques can be produced by different
blowing, tonguing, and ornamentation techniques, which
can be performed separately or simultaneously. The sound
of the flute is produced by the friction of the blown air into
the mouthpiece [10]. Differences in blowing pressure, the
degree of mouthpiece coverage, and blowing direction can
produce distinct playing techniques [11]. The flute register
extends from medium (C3 ≈ 261Hz) to treble pitch (C6 ≈
2093Hz) with some exceptions [11]. Thanks to a unique
key, professional flutes can produce B2 (≈ 247 Hz) [12].
Professional flutists can reach pitches up to G6 (≈ 3136
Hz) [11].

We provide a brief overview of flute playing techniques
to illustrate the range of sounds the performer can produce.
The ordinario is the ordinary sound of the flute; it is stable
in frequencies. The aeolian sound involves blowing into
the mouthpiece to make a noisy sound similar to the sound
of air, often with a pitch component. The flatterzunge in-
volves blowing while rolling the tongue, creating a sound
of successive attacks. The key click, also known as key per-
cussion, involves using the finger to strike flute keys and
producing a percussive sound. The multiphonics consist
of using a specific fingering to produce chord-like sounds
[12], which is rarely stable over time and involves a lot of
fluctuation in frequencies. The pizzicato, also known as
slap, consists of making a powerful attack with the tongue.
The play and sing technique involves singing while blow-
ing into the flute. The staccato is a short sound made
with a sharp attack. The tongue ram technique involves
forcefully propelling the tongue into the mouthpiece of the



flute, producing a percussive, pitched sound. The trill in-
volves alternating two adjacent notes rapidly, typically a
main note, and a minor or major second above or below
this main note. The whistle tone technique involves blow-
ing a very soft, focused stream of air across the mouthpiece
to produce high-pitched, whistle-like tones. Some of the
playing techniques above are contemporary, as they extend
the flute’s sonic palette by using unusual gestures on the in-
strument. These techniques are the key click, multiphonics,
play and sing, pizzicato, tongue ram, and whistle tone, and
most of them have emerged in 20th-century contemporary
music.

In the music of the 20th and 21st centuries, the use of
playing techniques is often combined; some composers,
such as Lachenmann and Ferneyhough, specialize in the
extensive use of intricate playing techniques [13]. Com-
bining playing techniques can be achieved through simul-
taneous actions on the instrument (blowing, tonguing, and
ornamentation). For example, blowing and producing an
aeolian sound with a flatterzunge tongue and trilling a key
simultaneously are ergonomically possible.

2.2 Automatic Score Following with Antescofo

Score following is the process of tracking live players as
they play through a composer’s written score. The result-
ing information can be used, for example, to provide au-
tomatic computer accompaniment. The process involves
entering a musical score representation into the computer,
playing it as live MIDI or audio input, and comparing the
computer’s stored score to the live input. The early score-
following systems of Dannenberg [14] and Vercoe [15]
were based on MIDI.

Antecofo couples two different systems, a listening ma-
chine and a domain-specific programming language [16].
Composers use it to create an augmented score that de-
scribes musical scenarios in which electronic processes are
scheduled to interact with a live performance.

An augmented score is a script composed of three main
elements: events, which are recognized by the listening
machine to describe the performance; actions, which are
triggered when corresponding events are detected, when
logical conditions are met, or simply as time elapses; and
synchronization strategies, which link the performer’s mu-
sical flow to the electronic processes.

Events can be grouped into three main categories. Ab-
stract events (EVENT) do not correspond to a musical sound
and are typically triggered manually. They were origi-
nally designed to enable an operator to manually trigger
an event, causing the listening machine to wait for this
notification and resume execution after a predefined de-
lay. Atomic events (NOTE) represent elementary musical
units, such as a single pitch. Finally, compound events act
as containers for other events and describe more complex
musical structures, such as simultaneous pitches (CHORD),
rapid alternations (TRILL), or ordered sequences of het-
erogeneous events (MULTI).

In addition to basic events and actions, Antescofo also
includes other functionalities, such as event attributes no-
tated with a @ sign. Event attributes enable the specifica-
tion of additional information about the live performance.
For example, the event attribute @staccato indicates that
the event has a short temporal morphology, helping the

listening machine to detect the corresponding event. The
same applies to attribute @fermata, which indicates to
the listening machine that the related event may be out of
tempo.

BPM 60
TRILL (A4 B4) 1
NOTE G4 1/2 @staccato
NOTE F4 1/2 @staccato
NOTE G4 2 @fermata

Figure 1. Example of a conventional music score alongside its score for
Antescofo, which includes staccato technique and fermata sign.

By combining the different attributes, Antescofo can cover
a fair range of standard and extended flute playing tech-
niques. Table 1 shows playing techniques and how to note
them in the augmented score.

Playing Techniques Antescofo Notation
ordinario NOTE p d
staccato NOTE p d @staccato

trill TRILL (p1 p2) d
flatterzunge TRILL (p1 p1) d
multiphonics CHORD (p1 p2 ...) d

glissando MULTI (p1) -> (p2) d

Table 1. Antescofo score notation corresponding to playing techniques,
with p the pitch and d the duration.

Nevertheless, contemporary flute performance is far from
being limited to the six techniques described in Table 1 as
described in Section 2.1. Even though they can be notated
in the augmented score, this does not guarantee that the lis-
tening machine will recognize them accurately during the
performance. Some of them are out of the range of Table
1, such as unpitched playing techniques, i.e, aeolian, key-
click, and pizzicato, which makes Antescofo difficult to use
for these playing techniques. We think that using an exter-
nal listening machine specialized in playing techniques in
parallel of Antescofo would benefit the automatic follow-
ing of specific IPT used in contemporary mixed music. In
the following section, we examine the existing real-time
recognition systems for playing techniques.

2.3 Real-Time Playing Techniques Recognition

Playing technique recognition is part of the Musical In-
formation Retrieval (MIR) domain. Studies on the sub-
ject encompass a wide range of instruments. For West-
ern instruments, studies mainly focus on acoustic guitar
[17, 18], electric guitar and bass guitar playing techniques
[19, 20], piano playing techniques [21], violin [22], cello
[23], and flute [8]. Studies also include ones on Eastern
instruments, as traditional music includes a wide range of
playing techniques. Recent studies focus on the Chinese
bamboo flute [24], and the bonang barung, an Indonesian
Javanese gamelan instrument [25].

Yet, only a few studies focus on real-time recognition.
These studies are about the cello [23], the guitar [18], the
electric guitar [7], and the flute [8]. From these four stud-
ies, we can highlight several key points necessary for ro-
bust real-time playing recognition: sufficient data diversity
and quantity, a playing technique taxonomy when applica-
ble, a meaningful audio signal representation, a lightweight



classification algorithm, and a fast inference routine via
dedicated buffers.

3. PROPOSED SYSTEM

In this section, we detail the proposed system that enables
the automatic following of flute playing techniques. The
first subsection describes the design of our recognition sys-
tem, drawing on existing methodologies. The second sub-
section details how the IPT recognition system is linked to
Antescofo.

3.1 Real-time Flute IPT Recognition System Design

The methodology for real-time flute IPT recognition is di-
vided into the following steps, each with its own dedicated
subsection: data selection, taxonomy, dataset setup and
preparation, system architecture, training, and results.

3.1.1 Data Selection

A limited number of sound banks that include contem-
porary flute playing techniques exist. We identified four
sound banks to ensure diversity and quantity: conTimbre
[26], FullSOL [27], xSample 1 , and Geidai Flute Database
(GFD) [28]. We selected these sound banks because, to
our knowledge, they are the most exhaustive sound banks
of flute IPTs, which include variable performance of the
same IPT [26], recordings of different acoustic conditions,
and with various performers, named as “P1” and “P2” in
GFD [28].

3.1.2 From Data To Taxonomy

Unlike the cello and the guitar [23, 18], the performance
of the flute IPTs is not only based on limb actions, but is
also based on the quality of the blown air, e.g., ordinario
and aeolian. These characteristics make gesture-based or
hierarchical taxonomies harder to apply to the flute. Con-
sidering these constraints, we adopted a non-hierarchical
taxonomy based on the 11 IPTs available in GFD [28]. Our
task is then an 11-class classification problem using aeo-
lian, flatterzunge, key-click, multiphonics, ordinario, pizzi-
cato, play-and-sing, staccato, tongue-ram, trill, whistle-
tone playing technique.

3.1.3 Dataset Setup and Preparation

We designed our dataset by combining the most populated
datasets we have, “P1” from GFD, conTimbre, and xSam-
ple, by carefully moving the audio files in the correspond-
ing playing technique category in GFD. The rest have been
discarded. “P2” from GFD serves as the validation set,
and FullSOL as the test set. To prepare the audio files
for each subset, we first downsampled audio from 96 kHz
and 48 kHz, depending on the audio file’s origin, to 44.1
kHz, as flute harmonics can exceed 10 kHz [11]. Silence
is trimmed with a threshold of -60 dBFS, as it is irrele-
vant. Using both short and long playing techniques, audio
files are segmented into 1/3-second contiguous sequences
and padded with zeros if shorter. To increase the duration
of our training dataset, we applied domain-specific data

1 Available on the web: https://www.xsample.de/
xsample_flute.htm.

Figure 2. System architecture using a Logarithmic Mel Spectrogram, an
encoder composed of four convolutional layers, and a classifier compris-
ing three fully connected (dense) layers.

augmentations, such as in [18]. Playback speed was ran-
domly varied by ±0.1 to emulate variability in IPT execu-
tion speed. Recordings were detuned by ±100 Hz around
A440 to reflect natural tuning fluctuations. Gaussian noise
was added to replicate the noise introduced by signal am-
plification. Thanks to data augmentation, the training dataset
length increased, totaling 16 hours.

3.1.4 System Architecture

For the system architecture, we adopted the architecture
from [29] and removed redundancy in the deep layers to
make the model lighter. Our architecture consists of a
Logarithmic Mel Spectrogram (LMS) block that first trans-
forms raw audio into a grayscale spectrum. Long-duration
IPTs benefit from long-range features, whereas short IPTs
require high-resolution features [30]. As our dataset in-
cludes long and short IPTs, a compromise must be found
between long-range and high-resolution features. Inspired
by the study [31], in which concatenating spectrograms
from different FFT window sizes to improve onset detec-
tion is suggested, we adopted a similar strategy to enhance
short IPT classification (e.g., key-click, pizzicato, and stac-
cato). Additionally, a previous study showed that high-
resolution features improve classification performance [23].
Based on these insights, we defined an LMS configuration
that stacks three spectrums with FFT sizes of 512, 1024,
and 2048, utilizing a hop size of 128 samples and 384 mel
bands, which is three times that used for the cello [23]. The
minimum frequency is set to 120 Hz based on the lowest
reachable pitch (through tongue-ram).

The LMS block is followed by an encoder composed of
convolutional layers and a classifier comprising three fully
connected (dense) layers. Batch normalization and dropout
layers are introduced to stabilize training and prevent over-
fitting. A flattened layer between the encoder and the clas-
sifier ensures dimension compatibility. The channels from
the convolutional layers are 30, 60, 120, and 120, and the
hidden sizes of the dense layers are 60 and 30. Kernel sizes
for convolutional layers were set to 4x8, 3x6, 2x4, and
2x4 to increase the receptive field along the time axis.
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Figure 3. Normalized composite confusion matrix across the five tests
showing true over predicted classes (%).

3.1.5 Training

We trained our configurations with a batch size of 128,
cross-entropy loss, and the ADAM optimizer with a weight
decay of 1×10−5. The architecture is trained for up to 100
epochs. Training is stopped when the validation loss stops
improving after 10 epochs. Five independent training runs
are performed to ensure robust measurements.

3.1.6 Results

Following prior studies, we used macro F1 as our primary
metric, as it provides a more accurate assessment of perfor-
mance on unbalanced datasets [32]. Results show a strong
macro F1 score of 93.4%±0.1, indicating robust general-
ization across separate training and test sources. The nor-
malized composite confusion matrix across the five tests,
as shown in Figure 3, indicates that models are accurate
for almost all classes, except for multiphonics and play-
and-sing (81.2% and 85.7%).

3.2 Crossbreeding Antescofo with ipt˜

Our approach builds on existing mechanisms in Antescofo
to integrate IPT recognition, as processed by ipt˜ into
the score-following process without altering its core archi-
tecture. In particular, we take advantage of abstract events
(EVENT), which were originally introduced to allow an
operator to manually signal the occurrence of a musical
event. In the standard workflow, the listening machine sus-
pends progression until such a notification is received, after
which the system resumes following.

In our hybrid approach, these abstract events are repur-
posed to represent musical events associated with instru-
mental playing techniques. Rather than relying on a hu-
man operator to notify their occurrence, the detection of
these events is delegated to ipt˜. The interaction between
ipt˜ and Antescofo is achieved through explicit message
passing, allowing the two systems to remain loosely cou-
pled (they can be upgraded independantly) while exchang-
ing minimal but sufficient information.

More specifically, ipt˜ continuously outputs the index
of the currently recognized playing technique. This infor-
mation is transmitted to Antescofo using the setvarmes-
sage, which updates a global internal variable. Inside the

Figure 4. Max patch implementing antescofo˜ alongside ipt˜ ob-
ject. IPT class index is sent to antescofo˜ using setvar message.

Antescofo score, this variable is monitored using the con-
struction whenever which evaluates logical conditions
on variable updates [33]. When the expected playing tech-
nique is recognized, the corresponding condition becomes
true and triggers an action. In our case, this action simply
advances the system to the next event, effectively replacing
the manual notification that would otherwise be performed
by an operator.

To prevent unwanted interference with the standard score-
following mechanism, particular care is taken to control
the behavior of the listening machine during these pas-
sages. While IPT-based detection is active, Antescofo’s
following is temporarily disabled to avoid erroneous jumps
to subsequent events that could be mistakenly detected by
the pitch-based listening module. At the exit of the IPT
passages, the score following is reactivated. This ensures
a clear separation between the alignment-driven and the
ecognition-driven phases while preserving global coher-
ence.

This design allows extended playing techniques to be han-
dled in the same event-based framework as other musi-
cal events. As a result, the electronic part specification
remains uniform, and all the advantages of Antescofo’s
programming model are preserved, including the organi-
zation of electronic processes around events and tempo-
based synchronization. Importantly, Antescofo’s tempo in-
ference is based solely on inter-onset intervals, which al-
lows tempo estimation to remain active even during pas-
sages where alignment is suspended and event progression
is driven by IPT recognition.

In this first study, communication remains unidirectional:
ipt˜ informs Antescofo, but Antescofo does not influ-
ence the behavior of ipt˜. However, the same messag-
ing infrastructure would allow actions defined in the aug-
mented score to dynamically adapt recognition parameters
according to the musical context. Such bidirectional in-
teraction opens promising perspectives for future work, in
which listening strategies could be actively shaped by the
structure and semantics of the score itself.

For the validation presented in this work, we deliberately
restricted the interaction to the mere occurrence of events
detected by ipt˜, without exploiting additional informa-
tion provided by the recognition process. However, the



proposed scheme readily supports such extensions. mak-
ing possible to design error-recovery strategies, for instance
to handle missed events, delayed detections, or uncertain
classifications during performance.

4. EVALUATION

The proposed hybrid approach proved straightforward to
implement and to integrate within existing Antescofo-based
workflows. Its evaluation was conducted at two comple-
mentary levels. First, we designed ad hoc scores specifi-
cally written to stress and probe the behavior of the listen-
ing machines, allowing controlled comparisons between
different following strategies. Second, the approach was
deployed in the production of full-scale musical works that
were rehearsed and performed in concert conditions.

These real-world pieces enabled validation of the trans-
parency of the hybrid approach from the perspective of
electronic writing, including the synchronization between
the human performer and the electronic voices. This trans-
parency largely stems from the fact that extended play-
ing techniques can be treated within the same “event-with-
duration” paradigm as other musical events. As a result,
the specification of the electronic part remains unchanged:
electronic processes are still organized, triggered, and syn-
chronized through events and tempo, exactly as in standard
Antescofo practice. This confirms that the hybrid approach
does not introduce a conceptual rupture in the composi-
tional workflow.

In the remainder of this section, we focus on a quanti-
tative comparison between Antescofo used alone and the
proposed hybrid system. The evaluation targets listening
performance along two main criteria: robustness, under-
stood here as determinism and consistency of event de-
tection across performances, and precision, defined as the
temporal accuracy of detected events with respect to their
reference onset times. This comparison is meaningful be-
cause most flute playing techniques preserve enough spec-
tral information for Antescofo’s listening machine to achieve
alignment. In addition to pitch, Antescofo exploits tem-
poral cues such as notated durations and real-time tempo
inference, allowing progression when pitch information is
unreliable. However, in this case, the alignment-based ap-
proach is expected to show greater variability across per-
formances, which motivates comparison with the more de-
terministic behavior targeted by technique-aware listening.

4.1 Scores Setups

The first score of our evaluation, top of Figure 5, aims to
test two situations: the alternation of timbres on the same
pitch, and the chaining of aeolian and ordinario across
different pitches. The second score, bottom of Figure 5,
includes all playing techniques available in our recogni-
tion model at the exception of ordinario, staccato, and trill
whose recognition can be safely left to Antescofo. It aims
to test a situation in which playing techniques are chained
without repetition across different pitches.

As previously explained in Section 3.2, a whenever
statement monitors the global variable that reflects the in-
dex of the detected IPT class. These indices are attached
to playing techniques starting with aeolian (0) and ending
with whistle-tone (10) in alphabetical order. Each event

Figure 5. Top: Score 1 including aeolian and ordinario techniques.
Bottom: Score 2 including aeolian, key-click, pizzicato, multiphonics,
tongue-ram, flatterzunge, play-and-sing and whistle-tone techniques.

is labeled, and each score totals nine events. In the case
where Antescofo is used alone, the corresponding augmen-
ted scores utilize as many notations as possible from Ta-
ble 1. The parameters of ipt˜ are set to facilitate fast,
rather than stable, recognition.

4.2 Metrics

Following a previous methodology [34], we define a ref-
erence onset time for each score event by mapping event
timings onto a reference grid, thereby defining the ground
truth between the score and its performance. We define the
error ei = tei − tri , the time lapse between the estimated
alignment time tdi , the time at which the system reports the
event, and the reference time tri , the reference onset time
according to the reference grid, for each event i.

Misaligned notes are notes that are correctly detected, but
are too far from the reference onset time to be considered
correct. We define a misalign rate such defined in [34],
which is the percentage of correctly aligned notes pe with
absolute error |ei| greater than a threshold θe. We con-
sider this alignment rate as the second metric for our ex-
periments and use 300, 250, and 200 ms as our thresholds.

4.3 Results

Line charts Figures 6 and 7 represent the mean latency for
each event across the six performance of scores in Figure 5.

Line chart Figure 6 shows that Antescofo performs well
alone on events 3, 6 and 8, that are all aeolian techniques,
see Figure 5. Line chart Figure 7 shows that Antescofo
has difficulties in following techniques on events 5 and 9,
which are respectively multiphonics and whistle-tone play-
ing techniques, see Figure 5.

This line chart also shows that standard deviation for each
event represented by the error bars is smaller for Antescofo
and ipt˜ than Antescofo alone on events 2, 5, 6, 7, 8,
and 9. Despite being slower than Antescofo on all event
except on the fifth and ninth, this result shows that the use
of ipt˜ led to a more robust following across different
performances.

Table 2 shows that only when the threshold θe is set to
300 ms, the setup with Antescofo and ipt˜ performs bet-
ter than Antescofo alone.

5. DISCUSSION

In the first experiment (Score 1), which alternates aeolian
and ordinario techniques, Antescofo alone performs bet-
ter than the hybrid approach. Aeolian sounds combine air
noise with a pitched component, which appears sufficient
for Antescofo’s pitch- and time-based listening to operate



Figure 6. Mean error for each event across the six performances for the
score 1, with error bars representing the standard deviation (ms). An-
tescofo performance (orange), Antescofo with ipt˜ performance (blue).

Figure 7. Mean error for each event across the six performances for the
score 2, with error bars representing the standard deviation (ms). An-
tescofo performance (orange), Antescofo with ipt˜ performance (blue).

Threshold θe
Setup 300 ms 250 ms 200 ms

Score 1 Antescofo 0.00 0.00 0.00
Ant. and ipt˜ 7.41 31.48 33.33

Score 2 Antescofo 11.11 16.67 22.22
Ant. and ipt˜ 3.70 20.37 40.74

Table 2. Misalignment rates for each setup across 6 performances (%).

reliably. In this case, the additional latency introduced by
playing technique recognition leads to slower alignment
without improving robustness. Misalignment rates confirm
that Antescofo alone is fully adequate for such situations.

The second experiment (Score 2), which involves a broader
range of extended techniques, reveals a different behavior.
When used alone, Antescofo exhibits difficulties with tech-
niques such as multiphonics and whistle tones, which are
characterized by unstable or very low-energy spectral con-
tent. These difficulties result in greater variability across
performances, as reflected by higher standard deviations in
alignment time. In such cases, the progression of the lis-
tening machine relies primarily on temporal information
to approximate the occurrence of musical events, which in
turn leads to less reliable tempo inference. These issues are
expected to worsen as the duration of sequences dominated
by instrumental playing techniques increases. In contrast,
the hybrid approach produces more consistent alignment
for these events, even though it remains slower overall.
This increased robustness comes at the cost of additional
latency introduced by the recognition process.

These two experiments also reveal some limitations of
the recognition model and ipt˜, especially in the time
it takes to recognize specific techniques. The line charts

show that for the aeolian techniques, it takes more than
250 ms to be recognized. Aeolian techniques are events
3, 6, 8 on score 1, and event 2 on score 2. Line chart
on Figure 7, shows that tongue-ram, play-and-sing, and
whistle-tone techniques are recognized in more than 200
ms. Further improvements are required to enable faster
recognition on the playing techniques recognition model
side, which would make it more competitive against An-
tescofo’s listening machine alone.

The error bars, representing the standard deviation in align-
ment time across the six performances, show that, for An-
tescofo, alignment time varies widely. When using ipt˜,
the error bars for events 2, 5, 6, 7, 8, and 9 show that play-
ing technique recognition led to minor variations of align-
ment time, even though it scores a slower one than An-
tescofo alone. The misalignment rates in Table 2 show
that for the performance on score 2 with a threshold of
300 ms, the use of ipt˜ yielded a lower misalignment
rate (3.70%). However, when the threshold is shorter, mis-
alignment rates show that Antescofo alone performed bet-
ter, 16.67% against 20.37% for a threshold of 250 ms, and
22.22% against 40.74% for a threshold of 200 ms. The re-
sults suggest that, if robustness across performance is pre-
ferred to alignment time, or if the score is composed of
many multiphonics and whistle-tone techniques, then our
proposed hybrid approach is recommended. In any case
other than these, Antescofo is recommended alone, and the
usage of ipt˜ in the context of following flute playing
techniques is case-specific.

Misalignment rates further highlight this trade-off. When
using a relatively tolerant threshold (300 ms), the hybrid
system outperforms Antescofo alone on the more complex
score. For stricter thresholds, however, Antescofo alone
yields better results. These observations suggest that the
hybrid approach is particularly relevant when robustness
and consistency across performances are prioritized over
fast alignment, especially in scores dominated by unstable
or weakly pitched techniques.

6. CONCLUSIONS

In this work, we investigated how integrating real-time
playing-technique recognition can enhance automatic score
following in mixed music contexts. By combining An-
tescofo with ipt˜, we introduced a technique-aware, hy-
brid, score-listening workflow that handles a wide range
of contemporary flute techniques. Our recognition model,
trained on diverse sound banks, achieved strong general-
ization and provided reliable IPT information to drive con-
ditional navigation in Antescofo scores.

Evaluation with professional flutists showed that the hy-
brid system improves robustness for unstable techniques,
even at the cost of additional alignment time. These results
suggest that technique-aware following is beneficial when
stability across performances that involve many playing
techniques is more important than fast alignment. The
experiments also expose limitations of the current recog-
nition model, notably the time required to reliably iden-
tify specific techniques, such as aeolian, tongue-ram, play-
and-sing, and whistle tones. Reducing recognition latency
would be a key factor in improving the competitiveness
of the hybrid approach. The evaluation remains limited



to short excerpts and does not address failure cases such
as missed detections or performer errors. Assessing these
situations and testing longer, structurally richer pieces, as
well as ones with open notation or partial improvisation,
and exploring adaptation with other instruments constitutes
an important direction for future work.

In addition to these observations, the proposed approach
was successfully validated in a real-world mixed music set-
ting. It was implemented in an original mixed music com-
position of approximately eight minutes, in which 20% of
the events relied on flute playing technique recognition to
drive the electronic part. This work was submitted by the
first author to the music track of this conference.
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