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Abstract
This paper introduces the ACCompanion, an ex-
pressive accompaniment system. Similarly to a
musician who accompanies a soloist playing a
given musical piece, our system can produce a
human-like rendition of the accompaniment part
that follows the soloist’s choices in terms of tempo,
dynamics, and articulation. The ACCompanion
works in the symbolic domain, i.e., it needs a mu-
sical instrument capable of producing and playing
MIDI data, with explicitly encoded onset, offset,
and pitch for each played note. We describe the
components that go into such a system, from real-
time score following and prediction to expressive
performance generation and online adaptation to
the expressive choices of the human player. Based
on our experience with repeated live demonstra-
tions in front of various audiences, we offer an anal-
ysis of the challenges of combining these compo-
nents into a system that is highly reactive and pre-
cise, while still a reliable musical partner, robust to
possible performance errors and responsive to ex-
pressive variations.

1 Introduction
Participating in ensemble music playing requires creative col-
laboration and can provide fulfilling musical experiences.
Given their success in other creative domains, there is an
emerging trend towards the exploration of AI systems in in-
teractive and collaborative settings. Interactive accompani-
ment systems are computer programs that can perform jointly
with human musicians. In such human-machine musical col-
laboration settings, the computer system can either impro-
vise its musical content or render an expressive accompani-
ment according to a given score in response to the human
player in real-time [Dannenberg, 1987; Dannenberg, 1984;
Vercoe, 1984]. We target the latter case and we restrict our
attention to the symbolic domain, i.e., we work with music
data that, as opposed to audio files, explicitly encode high-
level note features such as pitch, onset (when a note starts),
and duration. Specifically, we propose the ACCompanion,
an automated accompaniment system that, given a symbol-
ically encoded score with a soloist and an accompaniment

Figure 1: A photo of the ACCompanion in action using a computer-
controlled piano. Some notes are played by the human soloist, and
some by our system.

part, is able to render an expressive MIDI performance of the
accompaniment in response to the MIDI performance of a
human soloist. This system can work in different configura-
tions, as long as the soloist performances can be encoded in
MIDI data, and a MIDI player that translates MIDI outputs to
sound is available (see a photo of the system in action on a
computer-controlled player piano in Figure 1).

Since the development of the first MIDI accompaniment
systems [Dannenberg, 1984; Vercoe, 1984], most research
in this field has focused on the synchronization aspect, that
is, matching the accompaniment with the human perfor-
mance [Nakamura et al., 2015; Chen et al., 2014; Raphael
and Gu, 2009]. In terms of musical expression in the accom-
paniment performance, most systems to date constrain their
expressive response to individual expressive aspects such as
tempo [Cont, 2008; Raphael, 2010], or dynamics and tim-
ing [Xia et al., 2015]. We address the issue of musical expres-
sion in the accompaniment performance by explicitly model-
ing tempo, dynamics and articulation aspects into the AC-
Companion, making it capable of generating expressive ac-
companiments in response to the performance style of the
soloist. We also compare cognitive plausible tempo models
inspired by the research in the sensorimotor synchronization.

Moreover, we have showcased our system in a number of
real-world scenarios, including demonstrations to the scien-
tific and general public (e.g., at the Falling Walls Science
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Summit 2021 in Berlin, at Gerhard Widmer’s Keynote at
IJCAI-22 in Vienna and at the Heidelberg Laureate Forum
Foundation). The ACCompanion won an Award for Cre-
ative Achievement at the AccompaniX competition organized
by the Neukom Institute for Computational Science at Dart-
mouth College in 2017. However, our own experience also
made clear that although our system can perform interactively
and expressively with a human soloist, ensemble music per-
formance and shared musical interpretations between humans
involve a level of cognitive-emotional alignment that cannot
yet be achieved. Given our experience, we want to start a
critical discussion on the causes and possible solutions to this
problem. Finally the ACCompanion will also be published as
open source software.1

Overall, our contributions in the context of automatic ac-
companiment systems are as follows: (1) the generation of
an accompaniment part that is conditioned on the soloist per-
formance on three expressive parameters, that is, tempo, dy-
namic, and articulation; (2) the exploration of cognitively
plausible tempo models, inspired by research from the field of
sensorimotor synchronization; (3) an extensive system eval-
uation in various real-world scenarios, including concerts in
public venues and critical exposure to professionally trained
musicians. The rest of this paper is organized as follows:
Section 2 presents related work and Section 3 outlines the
ACCompanion system. The key components are evaluated in
Section 4, followed by a human performer’s perspective and
a discussion on collaborative human-machine musical mod-
eling in Section 5. Conclusions and future research recom-
mendations are presented in Section 6.

2 Related Work
Dannenberg [1984] identifies three tasks that accompaniment
systems must perform to play effectively with a human:

1. Soloist part detection: capturing a human performance
in real-time and identifying the performed notes from its
representation.

2. Score following: precisely matching these performed
notes to notes in the score, while being robust against
possible player errors.

3. Expressive accompaniment generation: producing an
expressive accompaniment part that is conditioned on
the soloist part.

The detection step is a prominent part of systems that work
from audio recordings. Since we use MIDI data, this step is
handled by the MIDI instrument, which explicitly encodes the
note information. In this section, we present related work on
the score following and expressive accompaniment tasks, as
well as some relevant perspectives from the music cognition
literature on joint music performance.

2.1 Score Following
The score following task can be performed in an online or of-
fline setting, starting from MIDI or audio. In an online, MIDI-

1Supplementary materials and code for this paper can be found at
the following link: https://cpjku.github.io/accompanion ijcai2023/

based context, we aim to perform online symbolic score fol-
lowing, aligning each note in a MIDI performance with cor-
responding elements (time or notes) in the musical score.
Recent work by Raphael and Gu [2009] and Nakamura et
al. [2014], both employ Dynamic Bayesian Networks for this
task. Our ACCompanion employs a hidden Markov model
(HMM) based score follower that is roughly comparable to
the one by Raphael and Guo in design (see Section 3.1).

Related work has been developed in the domain of on-
line audio-to-score alignment that aligns every temporal po-
sition in the performance with a temporal position in the
score [Dixon, 2005; Cont, 2008; Raphael, 2010; Duan and
Pardo, 2011; Arzt and Widmer, 2015]. These systems are
based on On-Line Time Warping (OLTW) or variants of
HMMs. A similar range of approaches, albeit in a non-
causal formulation, is used for offline symbolic score fol-
lowing [Gingras and McAdams, 2011; Chen et al., 2014;
Nakamura et al., 2017]. Recently, Peter et al. [in press]
performed a systematic evaluation of dynamic time warping
(DTW) versus HMM-based approaches for offline symbolic
alignment, and found that they yield similar results for the
alignment of piano classical pieces. DTW-based approaches
have therefore the potential to be a viable (but still untested)
alternative to HMMs for online symbolic score following, and
they could have a different set of strengths and weaknesses.
For this reason, in addition to the HMM mentioned above, the
ACCompanion also contains an OLTW score follower, which
adapts to the symbolic domain many ideas from the state-
of-the-art in audio score following [Arzt and Widmer, 2015].
Note that the score follower is only a part of our system, and
it is out of the scope of this paper to perform a systematic
evaluation of the state-of-the-art in this field.

Gingras and McAdams [2011] use a tempo model to
“smooth” erratic score follower outputs due to embellish-
ments or player mistakes. Similarly, Raphael and Gu [2009]
use a Kalman filter for this purpose and for predicting fu-
ture note positions. We explore multiple variations of such a
tempo model. Other recent systems [Arzt and Lattner, 2018;
Agrawal and Dixon, 2019] suggest employing deep learning
for enhanced audio feature pre-processing prior to alignment.

2.2 Expressive Accompaniment Generation
For generating an expressive accompaniment, a system needs
to solve two problems. The first is to generate an expressive
rendition of a musical piece that conforms to human under-
standing and perception of music and communicates its in-
herent emotional and affective content. The second consists
of adapting this expressive rendition in response to the perfor-
mance style of the soloist. Some work in the literature focus
on the first problem alone with rule-based algorithms [Friberg
et al., 2006], probabilistic approaches [Widmer et al., 2009],
or, recently, neural networks [Jeong et al., 2019; Maezawa
et al., 2018; Cancino-Chacón et al., 2018]. A detailed de-
scription of these models falls outside the scope of the current
paper; the interested reader is directed to [Cancino-Chacón et
al., 2018]. Note that all these systems work offline and are not
suitable for a real-time scenario. However, they can be used
for a first offline generation step, which gets then adapted to
solve the second problem, i.e., to condition the generated ac-
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companiment on the soloist performance.
Multiple works target this second problem but focus only

on certain expressive performance parameters. Cont [2008]
explicitly models the expressive tempo to enable the tempo-
ral interaction between the human performer and the accom-
paniment system, while not considering other expressive as-
pects, such as dynamics or articulation. Raphael [2010] uses
a Gaussian graphical model as a tempo model to schedule
the accompaniment performance, but otherwise constructs
the performance itself by time-stretching a prerecorded audio
recording of the accompaniment. More recently, Xia et al.
[2015; 2015] proposed to model a duet ensemble as a linear
dynamic system with learned parameters. At each position in
the score, the time and dynamics of the next accompaniment
notes are predicted as linear combinations of some local note
features, “smoothed” by a hidden variable that acts similarly
to the tempo model of Raphael.

2.3 Perspectives from Music Cognition
From a cognitive standpoint, we can consider an ensemble
performance as a social event in which individual musicians
are engaged in a joint action that results in feelings of musical
togetherness. Such a joint action can be described in terms
of the underlying sensorimotor synchronization (SMS), that
is, the processes involved in the temporal coordination of an
action or movement with an external rhythm [Repp, 2006].

Mathematically, SMS can be modelled via either the
information-processing approach or via dynamical systems
theory [Loehr et al., 2011]. We follow the former, which
assumes the existence of a timekeeper instance to count suc-
cessive actions and generate motor commands in response to
external stimuli. In the context of ensemble music perfor-
mances, the rhythmic sensory stimuli are usually character-
ized by irregularities (expressive timing), resulting in some
degree of uncertainty with regard to the precise timing of the
next event. For the timekeeper to achieve sustained SMS de-
spite this variability, some form of error correction and/or
temporal prediction is necessary [Vorberg and Wing, 1996;
Mates, 1994; Van Der Steen and Keller, 2013]. We con-
sider these findings in our modeling choices for the under-
lying tempo models, which we describe in Section 3.2 and
evaluate in Section 4.2.

3 System Architecture
Let us consider a musical score with a solo and an accom-
paniment part, and a human player performing the solo part.
The musical score is assumed to be in a digital symbolic for-
mat (e.g., MusicXML, MEI) and the soloist is performing
on a MIDI-capable instrument. We use Partitura [Cancino-
Chacón et al., 2022] and the Mido2 for handling scores and
real-time MIDI input, respectively. The ACCompanion gen-
erates a MIDI real-time expressive rendition of the accompa-
niment part that is conditioned on the tempo, dynamics and
articulation of the soloist.

Figure 2 presents a schematic view of the system. Its main
functionalities are implemented in two modules: the Score
Follower and the Accompanist, which solve tasks 2 and

2https://github.com/mido/mido/

Figure 2: Modular architecture of the ACCompanion.

3 proposed by Dannenberg [1984]. These modules are the fo-
cus of the rest of this section. For practical implementation
reasons, there is a third module, the MIDI Handler, which
routes input and output MIDI messages. This module allows
the ACCompanion to work in a variety of different config-
urations, including working directly with MIDI-capable in-
struments (e.g., MIDI controllers or player pianos) and being
used with MIDI player software.

Before moving to a description of the Score Follower
and Accompanistmodules, we need to introduce some no-
tation that is used in the rest of the paper. Figure 3 shows how
score and performance information is represented in the sys-
tem. We model the i-th score note with a triple (psi , o

s
i , d

s
i )

which corresponds to its MIDI pitch, score onset time and
duration in musical beats. Notes in a chord (i.e., notes are in-
tended to be performed at the same time) will have the same
score onset time, which we represent by oscore. The time be-
tween two consecutive score onset times, the so-called inter-
onset interval (IOI) is denoted by δscorei . The i-th performed
note can be described by the quadruple (ppi , o

p
i , d

p
i , v

p
i ), i.e.,

MIDI pitch, onset time and duration in seconds and MIDI
velocity. We use operfi to denote the performed onset time
corresponding to the notes at score onset time oscorei .3 The
performed IOI is denoted by δperfi .

3.1 Score Follower
Following our discussion in Section 2.1, we implement two
alternative score following approaches, one based on HMMs
and the other using OLTW. The score follower also contains
a note tracker object that keeps a record of the MIDI velocity
vp and duration dp of the past performed notes.

In order to deal with polyphonic MIDI inputs, we use a
windowing approach: incoming input MIDI messages are ag-
gregated into non-overlapping 10ms windows, and we con-
sider that all of the played notes inside each of these win-
dows correspond to the same position in the score (i.e., be-
long to the same chord) and have the same performed onset

3Note that this onset time could be different than the onsets of the
individual performed notes (as shown in Figure 3), since the notes
in a chord are never played at exactly the same time.
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Figure 3: Excerpt of a MIDI performance (as a piano roll where the
x-axis describes performance time in seconds and the y-axis is the
MIDI velocity of the note) and its corresponding score, showcasing
the elements for encoding/decoding an expressive performance.

time operf (the end of the window). The input to the score
follower is these windows. The full technical details of the
models can be found in the Technical Appendix in the sup-
plementary materials.

HMM Follower
The HMM-based score follower is based on the switching
Kalman filter architecture, a hybrid probabilistic model which
combines an HMM and a Kalman filter, whose parameters
depend on the states of the HMM [Murphy, 1998]. The ob-
served variables of this model are the performed MIDI pitch
(the pitch of all of the notes inside the input 10ms windows)
and δperf, the performed IOI. The hidden variables are the set
of score onset times oscore plus some intermediate state for
each score onset to account for possible insertions (modelled
by the hidden states of the HMM), and the tempo of the per-
formance (modelled by the Kalman filter part of the model).
We can then use the forward algorithm [Rabiner and Juang,
1986; Murphy, 1998] to infer the position in the score in real-
time. The design of this score follower is partially based on
the probabilistic score follower discussed in [Raphael and Gu,
2009]. While this model is very reliable for relatively simple
sequential input, the HMM seems to struggle with complex
music, particularly music that includes cross-rhythms, orna-
ments or large tempo changes (see e.g., the excerpt in Fig. 4).

OLTW Follower
To address the issues with the HMM-based score follower,
we use OLTW, a causal dynamic programming algorithm for
aligning sequences of different lengths which incrementally
aligns in real-time a streamed sequence of unknown length (in
our case, the input 10 ms windows containing the MIDI per-
formance of the soloist) to a known sequence, which we refer

to as reference (which represents the score) [Dixon, 2005].
The performance of OLTW is controlled by 2 parameters,
namely, a window size that controls how much context in the
reference the algorithm considers at any given time, and a step
size which controls the maximum step that OLTW is allowed
to make at any given time. Following the research in real-
time audio-based music alignment [Arzt and Widmer, 2015;
Arzt, 2016], instead of aligning the performance directly to
the score, we leverage the fact that human performers tend to
play the same piece in a consistent way, and we align the in-
put real-time performance to a previously recorded reference
performance (ideally by the same performer), which has been
aligned to the score using offline alignment methods like the
one by Nakamura et al. [2015]. Furthermore, we increase the
robustness of the tracking by using an ensemble of OLTW
score followers, each of which aligns the input performance
to a different reference performance, and we aggregate the
results by computing the mean position, as proposed by Arzt
and Widmer [2015].

3.2 Accompanist
The Accompanist module takes the score of the accompa-
niment part and uses the temporal alignments produced by the
score follower, including the dynamics (MIDI velocity) and
note duration to generate an expressive performance of the ac-
companiment in real-time. This module consists of two sub-
modules, an Encoder that translates the input performance
into a set of expressive parameters quantifying tempo, dy-
namics and articulation, and a Decoder, which takes these
parameters to generate the performance of each of the notes
in the accompaniment part.

Figure 3 shows the different elements required to encode
the performance of the soloist and decode the expressive ac-
companiment performance. The performance of each of the
notes can be encoded in 4 parameters: (1) MIDI velocity vpi
for capturing expressive dynamics, (2) beat period, defined
as

bi =
δperfi

δscorei

(1)

i.e., the duration of a beat in seconds (inversely proportional
to tempo in beats per minute) which captures the local tempo
deviations, (3) micro-timing deviations (denoted by ξi in Fig-
ure 3) which account for the onset time deviations of the notes
from the global chord onset operf; and (4) the log articulation
ratio computed as

ai = log2
dpi

dsi · bi
(2)

which accounts for the ratio between performed note duration
and notated duration at the current tempo).

The value of the beat period defined by Eq. 1 taken “as
is” can be highly erratic in the case of real performances
(see Figure 4), which typically contain large temporal fluc-
tuations, and does not correspond with the human percep-
tion of tempo [Dixon et al., 2006], which results in very un-
natural (and unmusical) performances.4 To address this is-

4We focus on tempo rather than musical meter, to determine
when to trigger accompaniment events based on the soloist’s real-
time performance.
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Figure 4: An excerpt of a performance of Chopin’s Nocturne Op. 9
No. 1. The unusual cross-rhythm in the third measure (score in the
middle) is usually played with substantial expressive freedom. Com-
puting an IOI-based tempo based on an exact note alignment (piano
rolls and connecting lines on top) leads to a jagged tempo curve
(bottom), and even negative tempo values. This curve is unlikely to
represent the more loose and ethereal subjective feel of the tempo in
this passage.

sue, we add a tempo model inspired by the cognitive mod-
els of sensorimotor synchronization. In particular, we tested
three variants, namely a linear synchronization model (L),
which is a basic timekeeper model that adapts the tempo
based on an error-correction mechanism based on the ob-
served asynchrony [Wing and Kristofferson, 1973; Vorberg
and Wing, 1996], a linear tempo expectation model (LTE)
which expands the linear model by incorporating tempo ex-
pectations extracted from the reference performances5 (used
for the OLTW score follower) and the joint adaptation an-
ticipation model (JADAM) proposed in [Van Der Steen and
Keller, 2013], which includes both an error-correction term
(the adaptation part) and a moving average estimate of the
observed beat period (the anticipation part). Additionally, for
our experiments, we use 3 baseline models that do not include
asynchrony-based correction terms: a purely reactive model
(R) which uses Eq. 1 directly, a simple moving average esti-
mate of the beat period (MA) and a Kalman filter (K).

4 Quantitative Evaluation
We perform two experiments that focus on the quantitative
evaluation of two interactive parts of our system. The first
concerns the symbolic score follower, and the second eval-
uates the tempo models. Since, to the best of our knowl-
edge, there are no available datasets of duet piano perfor-
mances, we run both experiments using solo piano perfor-
mances selected from the Magaloff [Flossmann et al., 2010]

5Note that the LTE model implicitly captures musical meter.

SF Async ≤ 25ms ≤ 50ms ≤ 100ms

HMM 645.7 5.5 5.5 5.5
OLTW 60.6 38.0 63.3 86.7

Table 1: Alignment accuracy for the HMM- and OLTW-based score
followers (SF). The first column represents the median absolute
asynchrony in ms, and the remaining columns represent the per-
centage of asynchrony which is less than 25ms, 50ms, and 100ms
accordingly, of the same pieces presented in Table 2.

and Zeilinger [Cancino-Chacón et al., 2017] datasets, which
consist of performances recorded on computer controlled
Bösendorfer grand pianos which have been aligned to their
corresponding scores. The pieces are: Nocturnes Op. 9 Nos. 1
and 2, Etude Op. 10 No. 11, Nocturne Op. 15 No. 2, the
Barcarole Op. 60 by F. Chopin, and the third movement of
the Sonata Op. 53 (Waldstein) by L. v. Beethoven. These
pieces were selected because they contain interesting diffi-
culties such as ornaments, trills and complex rhythms.

4.1 Score Follower
We evaluate the ability of our score follower to follow com-
plex performances. Since we only have one performance
of each piece in the dataset, we artificially generate 5 ref-
erence performances per piece by adding zero-mean Gaus-
sian noise with a standard deviation of 100ms to the per-
formed onset and offset times of the notes. This process
would be roughly similar (although less musical) to how mu-
sicians tend to play the same piece similarly across repeat
performances [Demos et al., 2016]. Table 1 compares the
alignment accuracy of the HMM and OLTW score follow-
ers, and Table 2 shows how well the OLTW works for the
individual pieces. To put the values in perspective, between
two human instrument performers, average asynchrony varies
between 30-40ms [Keller et al., 2007] but also depends on
the difficulty of the piece being played. These results show
how OLTW can leverage information from prerecorded ref-
erence performances to improve the alignment of complex
pieces (other than the Waldstein Sonata, which is arguably
one of the most difficult pieces in the standard classical piano
repertoire and more challenging than the other pieces in the
dataset), while the HMM struggles using only information in
the score (which does not include, for example, the ornament
notes like trills). We also notice that the distribution of the
HMM performance is bimodal, i.e., either very low or very
high asynchrony.

4.2 Tempo Model
In this experiment, we evaluate the tempo models we describe
above. Specifically, for each incoming onset in the soloist
performance, and given the tempo computed at the previous
step, the tempo model predicts a new tempo value and the
next soloist onset. We then compare this prediction with the
ground truth tempo and onset in the soloist performance. We
run a grid search over roughly 800 parameter combinations
and report values for the best parameters for each model. In
case of disagreement between tempo and onset, we select the
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Piece Async ≤ 25ms ≤ 50ms ≤ 100ms

B. Op. 53 3rd. mov. 1,813 18.4 29.3 44.4
C. Op. 9 No. 1 44 59.1 75.5 90.9
C. Op. 9 No. 2 59 42.3 62.7 87.0
C. Op. 10 No. 11 63 33.6 63.9 91.3
C. Op. 60 106 20.0 36.8 65.1

Table 2: Alignment accuracy of OLTW score follower per piece.
Column 2 presents the mean asynchrony of the score followers in
milliseconds. Columns 3, 4, 5 present the percentage of asynchrony
which is less than 25ms, 50ms and 100ms accordingly. Hyperpa-
rameters for the OLTW score follower are 2s window size and 0.1s
of step size.

Method Onset Error (ms) Tempo Error (ms/beat)
R 4,279.7 209.3
MA 4,271.0 203.5
L 81.9 173.1
LTE 23.3 63.3
JADAM 94.1 190.4
KT 1,154.2 177.3

Table 3: Average absolute errors in both tempo (milliseconds / beat)
and onset (milliseconds) prediction for each tempo model.

best parameters based on onset prediction. Table 3 shows the
results of this experiment.

The performance of the LTE model can be explained by
its design advantage: this model makes use of a reference
performance of the same piece to guide its estimation. In
normal usage of the ACCompanion, this would be another
performance the soloist recorded during their rehearsal with
the system. In this experiment, this is obtained by adding
Gaussian noise to the onsets of the soloist performance we
consider. If the reference performance is very close to the test
performance, which is the case in our experiment, the model
prediction is extremely accurate. If the reference is missing,
the model falls back to the linear model.

Note that a high predictive accuracy on solo piano perfor-
mances does not necessarily reflect the actual goal of these
models in our accompaniment setting. In our usage, the
models serve two purposes: to predict the next onset and to
smooth the precise, but jagged and unmusical tempo estima-
tion based on the score follower output (see Figure 4). In
this experiment, we only evaluate the first purpose, but a very
high accuracy might even indicate an unsuitable algorithm
that fails to meaningfully produce the human perception of
tempo and follows the input too tightly. In the next section,
we discuss this issue from the performer’s perspective.

5 Usage and Discussion
In this section, we detail the different situations in which the
ACCompanion was tested and the feedback that this gen-
erated. We then start a critical discussion about music co-
performance and the challenges of human-machine collabo-
ration in this context.

5.1 Public Live Demonstration
The ACCompanion was presented at several public venues,
both to scientific and non-scientific audiences, in a two-
part format. The first part consisted of a co-performance of
Brahms’ 5th Hungarian Dance (for four hands) by one of the
authors. The system settings were manually chosen based on
the preferences of the musician. In the second part, we invited
people from the public to play with the system. To make the
experience pleasant for people with different musical exper-
tise without any preparation time, we selected simple pieces,
in which the player only plays a short monophonic melody
with the ACCompanion taking care of the accompaniment
(left hand, mostly).

5.2 Musician Feedback
In lieu of a systematic user study with a sizeable number of
different pianists and pieces, and as a first step towards getting
a qualitative understanding of the most pressing problems that
need to be addressed next, we here reproduce personal ‘tes-
timonials’ by three of the authors of this paper (two of them
professionally trained pianists), who have the most experi-
ence with playing with the ACCompanion. They worked on
three pieces: Rondo in A major D.951 by F. Schubert, Piano
Sonata K381 by W.A. Mozart, and Hungarian Dance No. 5
by J. Brahms. In Section 5.3 we will then see what insights
we can distil from these personal reports.
Musician 1. Playing with the ACCompanion has been an
enlightening experience. As both the main developer of the
system and the person that has played with it the most, I am
very aware of its shortcomings, but I am also very pleased
(and perhaps, dare I say proud) of each (small) breakthrough.
Playing with the system has broadened my perspectives on
what aspects are important for ensemble performance, in par-
ticular it has made me realize the importance of understand-
ing and communicating shared expressive intentions between
musical partners. Every time that I play duets with other
humans, I find myself thinking of what the ACCompanion
would do, and it has made me more aware of how difficult
it is to play with someone else, and how easily can things
go wrong when the expressive intentions for the piece have
not been discussed (e.g., when sight-reading unfamiliar mu-
sic). While the ACCompanion is still (very) far from being
able to accompany a performance of Rachmaninoff’s 3rd Pi-
ano Concerto (my personal goal for the system), it can be a
rewarding experience. For example, in the performance of
Brahms’ piece6, it is very nice how the system slows down at
the fermata at the end of part B, and then just starts playing on
time afterwards. In those cases, I can (almost) forget that I’m
playing with an artificial partner and just focus on the music
that I’m playing.
Musician 2. Playing with the ACCompanion was a fun, al-
beit somewhat troublesome experience. My piece starts with
an eighth-note chord, after which I start playing a sequence
of sixteenth notes, to which the system then responds with
a similar sequence before we play along jointly. In the ini-
tial trials, the system would run away immediately by start-
ing off with a crazy fast tempo. Even if I jumped in at the

6https://youtu.be/Wtxcqp-sQ 4
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correct position (i.e., current system score position), it was
not possible anymore to play jointly together, as the accom-
paniment would not slow down sufficiently. After a lot of
trial and error, we eventually figured out this seemingly ran-
dom behaviour was caused by the initial chord and the (what
the ACCompanion perceived as) “pause” before the sixteenth
notes sequence, which caused the score follower to frantically
align notes where there were none, and the tempo model to
adjust the global tempo accordingly. After we cut this ini-
tial chord (i.e., starting the piece at my sequence directly),
we were playing jointly and in the same (global) tempo, and
the ACCompanion then was able to respond effortlessly to
my playing style, especially in terms of (micro-)timing and
dynamics. Overall, I had the impression that the system was
reacting more than it was acting on its own, similar to when
rehearsing for the first time with a human ensemble partner
who is not yet too familiar with ensemble playing.

Musician 3. Playing with the ACCompanion was an en-
counter of the third kind, and a rather stressful one, for me.
The moment that epitomizes it all is the very beginning of a
performance: you play the first note, and you just hope that
the ACCompanion will join in, in the right tempo. It (al-
most) always does, in the end, but the very fact that you have
to worry about it points to the central problem: a complete
lack of natural communication and trust. For the next few
bars, you are busy being relieved that the start ‘worked’, and
then, for the rest of the piece, you very consciously focus on
pulling it along, tricking it into speeding up or slowing down
(which might or might not be necessary; but you just don’t
trust it), probing how much spontaneous change it can han-
dle – in short: you are constantly focused on it. The result of
my efforts can be seen in this video7 (with apologies to Franz
Schubert) – my playing is unrelaxed, unnatural throughout.
So: this research teaches us as much about what’s missing
as it does about probabilistic tempo modeling or performance
prediction. To me, the ultimate basis is trust: in each other’s
musical understanding, but also in my partner’s ability and
readiness to sense when I struggle and support me.

5.3 On Human-Machine Expressive Collaboration
Using the framework of togetherness proposed by Bishop
[2023], the extent of expressive musical collaboration can be
placed on a spectrum ranging from mere awareness of oth-
ers (i.e., the lower bound of interaction) to the experiential
process of cognitive and emotional alignment. While collab-
orative musical interaction between humans can be studied
from this phenomenological standpoint, the same approach
cannot be taken when investigating human-machine collabo-
ration, as systems inherently do not possess any internal state
and are not capable of perceiving music (or sound, for that
matter) other than in the way they are designed and built to
do. Indeed, our musical experiences with the system suggest
that the interaction the ACCompanion has with the soloist is
biased towards following and, for the most part, our system
misses out on making its own decision. For example, we ob-
serve that when the system “believes” that the human player
is slowing down (which may not be the case), it slows down

7https://youtu.be/qEocywdruco

in response, which causes the human player to slow down
as well, which in turn causes the system to slow down even
more. The system reaction, in this case, is contrary to what a
human accompanist would do, i.e., to try to keep the tempo
stable, and results in a decreased sense of togetherness.

In Section 2 we reported the subtasks existing accompani-
ment systems focus on: note detection (for audio systems),
score following, and expressive accompaniment generation.
We believe that a missing fourth point should be added to
this list: modeling the feedback loop with the human partner.
This means that the system needs to “understand” when to be
more reactive and follow the human player, and when more
proactive and lead the performance. Some system upgrades
that would help in this direction are: further study of tempo
models, the usage of the long-term musical structure of the
piece, and the introduction of visual cues. The latter can be
considered in the music co-performing context, as useful as
non-verbal communication is in the speech context. For ex-
ample, let us consider the challenging situation of a chord af-
ter a long rest. Musicians would strongly rely on visual cues,
such as breathing, nod, and hand gestures, to synchronise.
Given our previous considerations on leading and following,
we would need visual cues for both the system (e.g., signals
from body sensors or a camera), and the player (e.g., video or
haptic feedback on the state of the tempo model).

6 Conclusion
This paper introduces the ACCompanion, an automatic sys-
tem capable of accompanying a human soloist performing
a given musical score. It can work with a variety of dif-
ferent inputs, as long as the full musical score is given in
a symbolic format, the soloist performance can be encoded
in MIDI data, and a system that translates MIDI outputs to
sound is available. We describe the two tasks our accompanist
must perform: online score following and automatic accom-
paniment generation, and we approach their interaction with
cognitively plausible models inspired by research on sensori-
motor synchronization. We perform two quantitative experi-
ments to evaluate critical parts of our system, test it at multi-
ple public live demonstration, and evaluate it personally from
a musician’s perspective. Based on the experimental results,
audience feedback and our own experience, we start a criti-
cal discussion on the still open challenges for accompaniment
systems to be precise and reliable musical partners

Future development of the ACCompanion will go in the
direction of modeling the feedback loop with the human part-
ner, for the system to understand when to follow the soloist
and when to lead the performance. Furthermore, we plan a
systematic user evaluation of the entire system in different
configurations, based e.g., in the work by Zhou et al. [2023].
Moreover, we are working on a new end-to-end accompanist
part, that would produce an expressive accompaniment con-
ditioned to the soloist performance in a single step, with the
advantage of sharing the information about the two tasks, to
improve both. Finally, we plan on introducing visual cues for
both the soloist, in the form of visual feedback on the com-
puted tempo, and the accompaniment system, in the form of
signals from body sensors or a camera.
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