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Abstract

Interpersonal coordination of movements often involves precise synchronization of action timing, particularly in expert
domains such as ensemble music performance. According to the adaptation and anticipation model (ADAM) of sensorimo-
tor synchronization, precise yet flexible interpersonal coordination is supported by reactive error correction mechanisms
and anticipatory mechanisms that exploit systematic patterns in stimulus timing to plan future actions. Here, we provide a
tutorial introduction to the computational architecture of ADAM and present a series of single- and dual-virtual agent simu-
lations that examine the model parameters that produce ideal synchronization performance in different tempo conditions.
In the single-agent simulations, a virtual agent synchronized responses to steady tempo sequence or a sequence containing
gradual tempo changes. Parameters controlling basic reactive error (phase) correction were sufficient for producing ideal
synchronization performance at the steady tempo, whereas parameters controlling anticipatory mechanisms were necessary
for ideal performance with a tempo-changing sequence. In the dual-agent simulations, two interacting virtual agents pro-
duced temporal sequences from either congruent or incongruent internal performance templates specifying a steady tempo
or tempo changes. Ideal performance was achieved with reactive error correction alone when both agents implemented the
same performance template (either steady tempo or tempo change). In contrast, anticipatory mechanisms played a key role
when one agent implemented a steady tempo template and the other agent implemented a tempo change template. These
findings have implications for understanding the interplay between reactive and anticipatory mechanisms when agents pos-
sess compatible versus incompatible representations of task goals during human—human and human—machine interaction.

Keywords Sensorimotor synchronization - Interpersonal coordination - Cognitive modeling - Action timing - Temporal
prediction

1 Introduction

The capacity to coordinate bodily movements in time with
external events is fundamental to human social behavior.
Many forms of cooperative interaction involve interper-
sonal coordination of actions across two or more individu-
als. Although action synchronization can occur spontane-
ously (e.g., during applause, (Néda et al. 2000), interactions
that call for precise yet flexible movement timing between
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individuals, such as musical ensemble performance, typi-
cally involve intentional goal-directed motor planning and
control (Keller 2008; Keller et al. 2014; Sebanz and Kno-
blich 2009).

The mechanisms that support real-time interpersonal
coordination have been studied in the laboratory using basic
sensorimotor synchronization tasks whereby individuals
perform simple movements (i.e., finger tapping or drum-
ming) in time with rhythmic auditory-pacing stimuli pro-
duced by a computer or another person (Konvalinka et al.
2010; Nowicki et al. 2013; Pecenka and Keller 2011; Repp
2005; Repp and Su 2013). Computational models designed
to elucidate the underlying causes of behavioral phenom-
ena observed in sensorimotor synchronization tasks can be
broadly classified as either nonlinear dynamic models or
linear event-based models. Both varieties of model have
been used to drive virtual partners that provide potential
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platforms for applications requiring precise human—machine
interaction (Dumas et al. 2014; Fairhurst et al. 2013, 2014;
Kelso et al. 2009; Mills et al. 2015; Repp and Keller 2008).

Nonlinear dynamic models account for continuous cyclic
aspects of sensorimotor synchronization behavior in terms
of coupled oscillators that interact in such a way that activ-
ity in the motor system becomes synchronized with exter-
nal rhythmic stimuli (Dumas et al. 2014; Large et al. 2015;
Loehr et al. 2011; McAuley and Jones 2003; Tognoli and
Kelso 2014). In contrast, linear event-based models take a
discrete information processing approach to specifying time
points for upcoming actions by applying autoregressive pro-
cedures that adjust an internal timekeeper based on the tim-
ing of past actions and perceptual events (Hary and Moore
1987; Jacoby and Repp 2012; Mates 1994a; Michon 1967,
Pressing 1999; Schulze et al. 2005; van der Steen and Kel-
ler 2013; Vorberg and Wing 1996). These classes of models
are not mutually exclusive, and efforts to reconcile these
two modeling approaches range from formal unification
wherein both linear and nonlinear behavioral features are
accommodated (Bavassi et al. 2013); to views that they are
complementary and deal with different aspects of sensori-
motor synchronization: the continuous within-cycle dynam-
ics of movement trajectories versus between-cycle informa-
tion about time intervals marked by sequential event onsets
(MacRitchie et al. 2017; Torre and Balasubramaniam 2009;
van der Steen and Keller 2013).

The present article is concerned with modeling discrete
goal-directed cases of sensorimotor synchronization using
the linear event-based approach. Specifically, we present a
tutorial overview of the recently developed adaptation and
anticipation model (ADAM) of sensorimotor synchroniza-
tion (Keller et al. 2016; van der Steen et al. 2015; van der
Steen and Keller 2013). According to ADAM, interpersonal
synchronization is established and maintained by two main

classes of control process—temporal adaptation and antici-
pation—that are implemented as separate modules (Fig. 1).
The adaptation module includes reactive error correction
mechanisms that adjust planned actions based on recent syn-
chronization errors, while the anticipation module includes
predictive processes that estimate the likely timing of future
stimulus events. A third ‘joint’ module links the adaptation
and anticipation modules by implementing anticipatory error
correction to reduce potential discrepancies between plans
and predictions prior to action execution.

The aim of the present study is to provide a simple intro-
duction to ADAM and to demonstrate how this model can
be applied to simulate phenomena observed in real-world
interpersonal synchronization. In the following, we first
provide a conceptual review and formal description of com-
putational processes instantiated by the adaptive, anticipa-
tory, and joint modules of the model. We then provide a
series of simulation studies designed to: (1) illustrate how
parameters in ADAM’s modules behave under conditions
of unidirectional coupling with pacing sequences presented
at a constant tempo or with varying tempo (as in standard
laboratory experiments) and (2) demonstrate how ADAM
can be used to explore more complex forms of bi-directional
coupling arising during interpersonal synchronization (e.g.,
musical duos).

2 Discrete event framework and model
architecture

The three modules of ADAM work together to control
movement timing based on information related to stimulus
onsets (other actions, e.g., pacing tones), response onsets
(own actions, e.g., finger taps), and parameter settings rep-
resenting latent sensory-motor and cognitive processes. The

Fig.1 Schematic diagram of v
the adaptation and anticipation . ,
model (ADAM). The synchro- AOwn Adaptation Self
nization of one’s own actions ctions Internal
(responses) with another’s RGSDOHSGS || Period Correction () |»| Model |
actions (stimuli) is facilitated by )
temporal adaptation mecha- Phase Correction (a) Action Joint
nisms th??.t .mﬂl.mnce actlor} plan- P|ann|ng Internal
ning, anticipation mechanisms
Model

that enable temporal prediction,
and an anticipatory correc-

tion mechanism that reduces A

7 Anticipatory

discr.ep.ancies between plans and Other L. . ‘Other’ Correction
predictions Actions Anticipation Internal ()
(Stimuli) | [}  Extrapolation (6) || Model |
.b .h ‘b Perseveration Temporal
(1-9) Prediction

@ Springer



Biological Cybernetics (2019) 113:397-421

399

main components of ADAM are illustrated in Fig. 2 and the
equations describing its operations are listed in Table 1. In
this context, stimulus onsets S; and response onsets R; refer
to the time since the start of the experimental trial (Fig. 2a).
By extension from conventional approaches to sensorimotor
synchronization, responses produced by each agent serve as
the stimulus to their respective partner. Inter-stimulus onset
and inter-response onsets are denoted as s; and r;, given by
Egs. (1) and (2) in Table 1. Asynchronies between stimuli
and responses, denoted by A,, are given by Eq. (3), such
that negative asynchronies occur when responses precede
stimulus onsets.

2.1 Adaptation

The temporal adaptation mechanisms implemented in
ADAM are inherited from linear autoregressive models
of SMS. Core components of these models are a central
timekeeper, a motor implementation process that executes
responses, and error correction mechanisms that influence
the timekeeper and motor implementation (Hary and Moore

Fig.2 Main components of
the ADAM framework. a
Relationship between stimuli
(S, responses (R,), and the

Table 1 Equations describing the event-related framework (1-3) and
the operations implemented by the three modules of ADAM (4-10)
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S, stimulus onset; R, response onset; s, stimulus interval, r, response
interval, A, asynchrony, 7, timekeeper interval; R’, planned response
onset; S’ predicted stimulus onset; A’, anticipated error; e, extrapo-
lated stimulus interval; p, perseverated stimulus interval; n7, time-
keeper noise; nM, motor noise; a, phase correction, f, period correc-
tion; J, prediction/tracking weight; y, anticipatory error correction
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1987; Jacoby and Repp 2012; Mates 1994a; Michon 1967,
Pressing 1999; Schulze et al. 2005; van der Steen and Keller
2013; Vorberg and Schulze 2002; Vorberg and Wing 1996).

It is assumed that the central timekeeper has access to a
memory representation of the period defined by inter-onset
intervals in the pacing stimulus and uses this representa-
tion as a basis for controlling the rate at which motor com-
mands are issued during SMS. Error correction mechanisms
serve to adjust the timing of action execution to minimize
asynchronies and prevent tempo drift between sequential
actions and stimuli. These correction mechanisms com-
pensate for sources of variability that arise both in the cen-
tral and peripheral nervous system (Vorberg and Hambuch
1978; Wing 1993; Wing and Kristofferson 1973), termed
timekeeper noise and motor noise, respectively. Timekeeper
noise is assumed to scale with the size of the interval stored
in memory and increases with the magnitude of the time-
keeper interval (though relatively high variability is also
observed for very short intervals; i.e., <300 ms; Repp 2005).
Motor noise, which arises during transmission of signals
to the effectors and varies as a function of nerve conduc-
tion time and biomechanical constraints, is assumed to be
independent of the duration of the interval being produced
(Vorberg and Wing 1996; Wing and Kristofferson 1973).
Estimates of motor noise are typically smaller than estimates
of timekeeper noise in self-paced timing tasks (Wing and
Kristofferson 1973), as well as in sensorimotor synchroni-
zation tasks (van der Steen et al. 2015), and introducing the
constraint that motor variance does not exceed timekeeper
variance produces optimal solutions in computational mod-
eling of sensorimotor synchronization (Jacoby et al. 2015).

Error correction mechanisms proposed in linear models
are reactive in the sense that asynchronies between past
actions and events trigger compensatory adjustments to
future motor plans. A conceptual distinction has been drawn
between two types of error correction process; phase correc-
tion, which locally adjusts the phase relationship between
actions and stimulus events, and period correction, which
directly adjusts the timekeeper period, bringing about a
persistent, global change to the rate that motor commands
are issued by the timekeeper (Mates 1994a, b). Formally,
the difference between phase correction and period correc-
tion is that, while phase correction directly influences the
next planned response time, period correction indirectly
influences the next response by changing the underlying
timekeeper period. Moreover, whereas phase correction is
assumed to be automatic, period correction requires atten-
tion and awareness of a change in tempo (Repp and Keller
2004). However, although phase correction is automatic, its
gain can be modulated based on task demands. Phase cor-
rection increases as tempo decreases and synchronization
becomes more challenging (Repp et al. 2012). Furthermore,
the results of simulations with virtual partners that vary in
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cooperativity (i.e., amount of error correction) have revealed
that, while human phase correction remains constant across
a range of cooperative partners, its gain can be increased
when confronted with uncooperative partners (Fairhurst
et al. 2014; Repp and Keller 2008).

In ADAM’s adaptation module, the central timekeeper
(T) controls the timing of motor commands that trigger
movements during sensorimotor synchronization, and phase
(a) and period (f) correction modify the timing of the next
movement based on a proportion of the asynchrony between
the previous movement and its synchronization target. The
phase correction parameter (a) in ADAM represents the pro-
portion of each asynchrony (A;) that is automatically cor-
rected for in the next response and thus indexes the strength
of sensorimotor coupling or entrainment (see Fig. 2b for an
example). The effect of phase correction on the output of the
adaptation module (R'; ) is expressed in Eq. (4) in Table 1,
where R; is the time at which the most recent movement
occurred, T is the current timekeeper interval used to plan
the next response, « is the phase correction parameter, A, is
the most recent asynchrony between response and stimulus
and R'; | is the planned time of the next response.

The period correction parameter () directly adjusts the
period of the timekeeper and represents the proportion of
each asynchrony (A,) that is corrected in the next response
based on conscious detection of a synchronization error. The
effect of period correction on the timekeeper interval (7) is
expressed in Eq. (5), where T; is the most current timekeeper
interval and nT; represents a noise term associated with the
timekeeper (which is modeled by drawing a value from a
normal distribution).

2.2 Anticipation

ADAM’s anticipation module estimates the timing of
upcoming sounds in an external pacing sequence by weight-
ing processes of extrapolation versus perseveration of earlier
inter-onset intervals in the sequence. The development of
this module was motivated by the results of finger-tapping
studies using expressive musical performances or simple
tone sequences containing gradual tempo changes resem-
bling those found in such performances (Pecenka and Keller
2009, 2011; Rankin et al. 2009; Repp 2002; Schulze et al.
2005). These studies revealed variations in the degree to
which inter-response intervals match versus lag behind pac-
ing inter-stimulus intervals across experimental conditions
and individuals. Notably, the tendency to predict tempo
changes is positively correlated with musical experience,
and these individual differences are related to the accuracy
and stability of synchronization with computer controlled
pacing sequences and sounds produced by another individ-
ual during dyadic finger tapping (Pecenka and Keller 2011).
Temporal anticipation appears to rely on relatively high-level
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cognitive processes, as tempo change prediction is impaired
under conditions of increased attention load (Pecenka et al.
2013) and individual differences are positively correlated
with working memory capacity (Colley et al. 2017) and
auditory imagery ability (Pecenka and Keller 2009).
Formally, in ADAM (van der Steen et al. 2015a; van der
Steen and Keller 2013), the anticipation module generates
prospective estimates of the timing of the next event (S";,)
in a pacing sequence based on the weighted sum of extrapo-
lation and perseveration processes. The active extrapolation
process (e, ), which is assumed to be effortful, entails linear
extrapolation of the two most recent inter-stimulus intervals
(s;and s;_;). The automatic perseveration (p;, ;) process cop-
ies the current inter-onset interval (s;). The balance of pre-
diction and tracking are controlled by the weighting param-
eter 6. The anticipated timing of the next pacing event (8", ;)
is expressed in Eq. (6) in Table 1, where the anticipated
inter-onset interval is based on a weighted sum of two esti-
mates of the future inter-stimulus interval. The first estimate
is based on extrapolation (e, ) and is determined by linear
extrapolation according to Eq. (7), and the second estimate
is based on perseveration (p,, ) the previous inter-stimulus
onset (8). The anticipated timing of the next pacing event
is determined entirely through tempo extrapolation when
0=1 and entirely through tracking when §=0. Similar to
the adaptation module, the predicted stimulus onset is also
affected by timekeeper noise. Here, we assume that both
modules are affected by the same noise source (n7T;).

2.3 Links between adaptation and anticipation

While temporal adaptation and anticipation have tradition-
ally been studied separately, there is empirical evidence that
they are linked. A study assessing adaptation and anticipa-
tion in the same sample of individuals found that estimates
of phase correction and temporal prediction are positively
correlated, and that these adaptive and anticipatory pro-
cesses in combination explain a large amount of variance
in sensorimotor synchronization skill (Mills et al. 2015).
ADAM accounts for these links in a joint module that regu-
lates the balance between the output of the adaptation and
anticipation modules.

Conceptually, it is assumed that the adaptation module ini-
tially provides input to a ‘self” internal model that plans the
timing of one’s own next action, while the anticipation module
provides input to an ‘other’ internal model that generates a
prediction about the timing of the next sound in the pacing
sequence. In general, internal models represent sensorimotor
associations between motor commands that issue from the
brain and the sensory experience of events in the environment,

allowing actions to be simulated in the motor system indepen-
dently of their actual execution (Wolpert and Kawato 1998).
It has been proposed that internal models thus facilitate the
planning and online control of one’s own actions, as well
as the prediction of others’ actions during social interaction
(Blakemore and Frith 2005; Gambi and Pickering 2011; Keller
2008; Knoblich and Jordan 2003; Sanger et al. 2011; Wolpert
et al. 2003). ADAM’s joint module integrates these processes
by computing the discrepancy between outputs of the ‘self’
and ‘other’ internal models and then adjusts the ‘self” model
to compensate for this discrepancy before a motor command is
issued (Keller et al. 2016). Joint internal models thus facilitate
interpersonal coordination by allowing potential asynchronies
between ‘own’ action plans and ‘other’ predicted actions to be
corrected in advance.

Formally, ADAM’s joint module takes the outputs of
the adaptation and anticipation modules and computes the
expected asynchrony (A’ ;) between them, as shown in Eq. (9)
in Table 1. An anticipatory error correction process (y) then
compensates for a proportion of this discrepancy, and the tim-
ing of the next movement (R,,,) is determined by modify-
ing the output of the adaptation module (R';, ;) according to
Eq. (10). When y=0, movement timing is determined entirely
by the output of the adaptation module and is formally identi-
cal to traditional reactive error correction models (Jacoby and
Repp 2012; Schulze et al. 2005; Vorberg and Wing 1996).
When y=1, movement timing is determined entirely by the
output of the anticipation module.

In ADAM (as in the linear event-based models from which
it evolved) it is assumed that, once a motor command issues
from the central nervous system, the timing of the actual
movement is affected by ‘motor’ noise (nM;, nM,, ) in the
peripheral nervous system. Motor noise introduces a random
variable delay, which can be modeled by drawing a value
from a Gamma distribution. Also, the noise associated with
the most recent transmission delay (nM,) is subtracted from
the most recent response onset. This equation captures the
alternating pattern of short and long inter-response intervals
(negative lag-1 autocorrelation) observed in continuation tap-
ping tasks where participants tap at a steady tempo without a
pacing stimulus (Wing and Kristofferson 1973). Under this
scheme, motor plans are issued centrally based on information
from timekeeper and compensatory mechanisms (adaptation,
anticipation) that do not take into account the previous delay
caused by peripheral noise (Vorberg and Wing 1996). Note
that we discuss motor noise here only to provide a full account
of the ADAM. For the sake of simplicity, motor noise was not
included in the simulations because it is typically small and
relatively constant in magnitude (see Wing et al. 2014 for a
similar approach).
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3 Model simulations

To illustrate the key properties of the model, we carried
out a series of computer simulations that highlight how
ADAM’s adaptation, anticipation, and joint modules influ-
ence sensorimotor synchronization in different task con-
texts. Van der Steen et al. (2015a, b) extended classical
work by presenting an analysis of the properties of autore-
gressive models incorporating anticipatory mechanisms.
The focus of that study was to assess which of two differ-
ent computational architectures for integrating adaptive
and anticipatory mechanisms was the best fit to sensori-
motor synchronization data collected from various tempo-
changing tasks. In these tasks, participants synchronized
finger taps to auditory-pacing sequences wherein the inter-
stimulus interval predictably increased and decreased. The
primary finding was that models incorporating a joint
module provided a better fit to tempo change data than
so-called hybrid models that did not.

Although van der Steen et al. (2015a, b) carried out
multiple simulations to support the main findings of their
study, a full characterization of the model—particularly
the role of anticipatory error correction—has yet to be
presented. To help simplify the simulations presented in
van der Steen et al. (2015a, b), the value assigned to antici-
patory error correction parameter was always set to a fixed
value, and parameters from the adaptation and anticipation
modules were varied. So it remains to be seen how antici-
patory error correction interacts with adaptive and antici-
patory mechanisms to affect sensorimotor synchronization
performance. Moreover, the simulations in van der Steen
et al. (2015a, b) were only carried out on tempo-changing
stimulus sequences, raising the question about what role
the anticipation and joint modules play for more tradition-
ally studied isochronous sequences that do not contain any
changes in tempo.

Accordingly, the aim of the present study was to provide
a full simulation-based analysis of the ADAM across a range
of conditions. Specifically, the simulations aimed to iden-
tify the parameters that were necessary and sufficient for
producing optimal sensorimotor synchronization according
to two commonly assessed criteria: (1) accuracy, indexed
inversely by the mean asynchrony, which quantifies the aver-
age magnitude of the synchronization error during a trial
and (2) variability, indexed by the standard deviation of the
asynchronies, which (inversely) quantifies the stability of
synchronization errors during a trial. Our main focus is on
achieving stability because mean asynchrony may vary as a
function of factors including leader—follower relations and
stylistic features such as groove (Keller et al. 2014).

The optimal parameter settings were assessed under
two task contexts—steady tempo and tempo change—that
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correspond to different real-life scenarios that vary in
terms of demands related to temporal adaptation and antic-
ipation. Maintaining a steady tempo while coordinating
with others—at least for some portion of the activity—is
a common goal in ensemble music, dance, and some team
sports (e.g., rowing). In these cases, adaptation is nec-
essary to counteract natural variations in timing due to
noise in the motor system as well as unforeseen circum-
stances that perturb coordination. In contrast, anticipation
demands should be low to the extent that predicting future
stimulus onsets can be based on the assumption that future
synchronization targets arrive at a regular interval.

Demands associated with coordination in the context of
tempo changes are relatively high. Intentional tempo vari-
ations occur in musical ensemble performance to highlight
musical structural features and to signal emotional empha-
sis and fluctuations in arousal and tension (Gabrielsson
2003; Keller et al. 2016). Likewise, tempo variations can
be observed in sporting activities, such as when a rowing
crew initially accelerates at the start of a race (Edwards
et al. 2016). Under such circumstances, temporal anticipa-
tion entails estimating the onset of future synchronization
targets from the rate of change observed in previous events,
and thus may require effortful forms of prediction.

Steady tempo and tempo change scenarios were explored
under two conditions: single-agent and dual-agent, presented
here as separate sets of simulations. The single-agent simu-
lations address instances of human—machine synchronization
where the machine-controlled sequences are not influenced
by the human’s timing. The dual-agent simulations repre-
sent instances of human—human synchronization where both
agents can mutually adapt to one another. The goal of the
single-agent simulations was to evaluate each model param-
eter in isolation, in a simplified interaction where only a
single agent could adapt to or anticipate the other’s timing.
The goal of the dual-agent simulations was to examine each
model parameter in a more complex, naturalistic interac-
tion where each agent could adapt to and/or anticipate the
other’s timing.

Finally, we also calculated two measures that capture
time-varying aspects of performance that are commonly
reported in sensorimotor synchronization experiments. The
first measure was the lag-1 autocorrelation of the asynchro-
nies (Vorberg and Schulze 2002; Wing et al. 2014), which
is influenced by error correction and can hence provide an
indirect, data-driven estimate of the overall effects of correc-
tion-related behavior implemented by the model. When posi-
tive, the lag-1 autocorrelation of the asynchronies indicates
that the system is not fully correcting timing errors whereas
when negative, this measure indicates that the system is
overcompensating for timing errors.

The second measure, based on lag-1 and lag-0 cross-
correlations of inter-response intervals and inter-stimulus
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intervals (for single-agent simulations) or the inter-response
intervals of two agents (in dual-agent simulations), is used
to quantify how well the sequence of response intervals for
an agent matches the sequence of stimulus intervals (single-
agent) or the sequence of response intervals of a simulated
partner (dual-agent). A high lag-0 correlation indicates that
the pattern of inter-response intervals and reference intervals
(inter-stimulus intervals for single-agent and the partner’s
inter-response intervals for dual-agent) were well matched,
suggesting that the upcoming reference interval could be
predicted. In contrast, a high lag-1 value indicates that the
inter-response intervals tended to lag behind the reference
intervals, indicative of tracking behavior. These cross-cor-
relations can be combined to provide a data-driven measure
of how well the reference intervals are predicted in tempo-
changing tasks (e.g., Pecenka et al. 2013; Repp 2002; van
der Steen et al. 2015a) or to assign leader—follower status
for mutually coupled agents (e.g., Konvalinka et al. 2010).
The MATLAB code used for all simulations presented in
this paper is available for download from the Open Science
Framework (available at: https://osf.io/nc3zw/).

4 Single-agent simulations

Based on previous work combining behavioral sensorimo-
tor synchronization experiments with computer simulations
(e.g., Repp and Keller 2008), we expected that the phase
correction parameter (a) from ADAM’s adaptation module
would be necessary and sufficient for maximizing the stabil-
ity of synchronization in the steady tempo simulations. In line
with previous work, the optimal value of the phase correction
parameter was expected to be a=1 (Vorberg 2005; Wing et al.
2014). Once phase correction (@) is optimized, adding other
parameters—period correction () in the adaptation module
and the prediction/tracking weight () in the anticipation mod-
ule—should not lead to further improvement, because these
parameters control mechanisms that are necessary to deal with
tempo variations. Specifically, changes to timekeeper interval
via period correction (f) are useful only when the stimulus
inter-onset interval undergoes systematic change. Furthermore,
varying the prediction/tracking weight () was not expected
to have an effect on synchronization performance because
extrapolation (6=1) and tracking (6=0) parameter settings
produce the same predicted stimulus onset ($';,,) for isoch-
ronous sequences. It was unclear whether anticipatory error
correction implemented in the joint module would improve
performance once phase correction was optimized. When opti-
mized, phase correction fully compensates for the most recent
asynchrony (4,) in the timing of the next planned response
(R;,1). In this situation, the only error that cannot be accounted
for by phase correction is the noise from the timekeeper in
the planned response (n7;). However, timekeeper noise also

affects the anticipated stimulus onset time produced by the
anticipation module. Thus, the planned response onset and
the anticipated stimulus onset would be equal, producing no
anticipated error for the joint module to correct. If true, then
anticipatory error correction would only improve performance
when phase correction is suboptimal.

For the case of synchronizing with tempo-changing
sequences, it was expected that optimizing phase correction
() would be necessary but not sufficient for maximizing preci-
sion. In other words, after optimizing phase correction («), the
addition of period correction (f), prediction/tracking weighting
(6), and anticipatory error correction (y) capacities should lead
to improvement. Since accurately predicting future intervals in
tempo-changing sequences relies on extrapolating the rate of
tempo acceleration or deceleration from previous events, it was
expected that prediction/tracking weighting and anticipatory
error correction would play a critical role in producing ideal
performance. However, given that predictions can overshoot
actual events at reversal points in tempo change profiles (van
der Steen et al. 2015a), the specific settings for these additional
parameters constitute an open question.

4.1 Procedure

Simulations were carried out with custom scripts running
in MATLAB 2014b. The stimulus sequence for the steady
tempo condition comprised 68 isochronous intervals of 500 ms
(Fig. 3, as in a typical sensorimotor synchronization experi-
ment; see Repp 2005; Repp and Su 2013). The second ‘tempo
change’ sequence comprised four initial isochronous intervals
presented at 500 ms, followed by 64 non-isochronous intervals
that varied predictably from 400 to 600 ms, with an average
inter-stimulus interval of 500 ms (similar to Mills et al. 2015;
Pecenka and Keller 2011; van der Steen et al. 2015a). The rate
of tempo change for these sequences was determined with the
function found in Eq. (11)

i—-4xr
si=500+100x00s<%>. an
o Tempo Change
. Steady Tempo
600 F T o5 T T 5% T o7 LRI
T’; o o o o o o o o
3 500 heooosceeees Geessnee eeceenns ececnnns ocensses PO ocensene O o
z o o o o o o o o
400 9,0, L %0° . 000 . 0,0 A
0 10 20 30 40 50 60

Index of the Interval

Fig. 3 Inter-stimulus intervals for the tempo change condition (blue)
and the steady tempo condition (red) (color figure online)
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Parameter selection involved a grid search technique
whereby mean signed asynchrony and standard deviation of
asynchrony was calculated for each combination of selected
parameter settings. For the steady tempo condition, phase
correction (a) and period correction (f) in the adaptation
module were selected from the range 0-2 at an interval of
0.05. The prediction/tracking weight (§) in the anticipation
module was set to O (i.e., full tracking) in this condition since
both prediction (extrapolation) and tracking (perseveration)
produce identical estimates for the anticipated stimulus onset
(8';41) for isochronous sequences. Anticipatory error correc-
tion (y) values in the joint module were selected from the
range 0-1 at an interval of 0.1 for the steady tempo simula-
tions. Note that the ‘planned’ timing of the next response is
determined entirely on the output of the adaptation module
when y=0. For the tempo change condition, simulations
were run for phase () and period correction (f) values rang-
ing between 0 and 2 with 0.05 intervals, prediction/tracking
weight (0) between 0 and 1 with 0.5 intervals, and anticipa-
tory error correction (y) between 0 and 1 with 0.1 intervals.

A total of 1000 simulations were run for each combina-
tion of parameters for each of the two stimulus sequences.
The initial timekeeper interval was set to match the aver-
age pacing sequence interval for each simulation trial
(T, =500 ms). Timekeeper noise was simulated by drawing
a single random value from a normal distribution with a
mean of zero and standard deviation of 10 and adding this
value to the output of the adaptation (R’;, ;) and anticipa-
tory modules (S, ;). A new random value was sampled for
each interval in the stimulus sequence. The seed used to
initialize the random number generator responsible for pro-
ducing timekeeper noise was identical for each parameter
combination examined by the grid search technique. Mean
signed asynchrony (indexing synchronization accuracy),
mean absolute asynchrony, and the standard deviation of
asynchronies (synchronization stability) were calculated for
each simulation and then averaged over the 1000 simulations
for each parameter combination. While we were primarily
concerned with synchronization stability, synchronization
accuracy was assessed to establish whether, for a given set
of parameters, the model was synchronizing in an in-phase
relationship.

In addition, the lag-1 autocorrelation of asynchronies
and the lag-1 and lag-0 ISI-IRI cross-correlations were
calculated for each simulation and averaged in the same
manner as the other performance measures. For the tempo-
changing condition, the lag-0 and lag-1 cross-correlations
yield similar values that do not readily reveal the differ-
ences between these two measures. Thus, to emphasize
the differences between these two values, the prediction/
tracking ratio (PTR; Pecenka et al. 2013; van der Steen
et al. 2015a) was calculated as the ratio of the lag-0 and the
lag-1 of the ISI-IRI cross-correlations, where a prediction/
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tracking ratio less than 1 indicates that IRIs lagged behind
the ISIs by one interval (i.e., indicative of tracking
responses), and a prediction/tracking ratio greater than 1
indicates that IRIs were a better match to current ISIs than
to interval-lagged ISIs.

4.2 Results
4.2.1 Steady tempo

Mean signed asynchrony ranged from — (0.2 ms to extremely
high values (due to exponential growth in asynchronies with
poor parameter settings). The mean signed asynchrony was
practically identical for all parameter settings that produced
stable performance (as defined by the standard deviation
of asynchronies below) and will not be considered further.
The mean absolute asynchrony and the standard deviation
of asynchronies ranged from 7.97 and 9.94 ms upwards
across the various ADAM parameter settings for simulated
synchronization with the steady tempo sequence. Specific
parameter settings produced generally similar patterns of
results on mean absolute asynchrony and the standard devia-
tion of asynchronies, so only data for the standard deviation
of asynchronies are presented below (see Fig. 4a—c). Antici-
patory error correction had a monotonic effect on synchro-
nization performance, and so performance is only shown
across three anticipatory error correction settings (Fig. 4a,
y=0; 4b, y=0.5; 4c, y=1). Each plot shows the standard
deviation of asynchronies—inversely indexing synchroniza-
tion stability—as a function of phase correction (x-axis) and
period correction (y-axis).

Considering first simulations with no anticipatory error
correction (y=0; Fig. 4a, left panel), ideal performance in
terms of synchronization stability was observed when full
phase correction (¢ =1) and no period correction were
applied. The standard deviation of asynchronies reached a
minimum of 9.94 ms with these parameter settings (mean
signed asynchrony for this parameter setting was 0.4 ms).
This value is essentially equal to timekeeper variability
(10 ms), indicating that optimal phase correction completely
compensated for the timing error associated with the previ-
ous interval. Parameter settings incorporating only period
correction produced unstable performance resulting from
large asynchronies that increased over the course of the trial
(Fig. 4e). Likewise, very high levels of reactive error cor-
rection (overall sum of phase and period correction, Fig. 4f)
produced unstable performance. Thus, only phase correction
is required to produce ideal performance.

Considering now the effect of anticipatory error correc-
tion, as this parameter increases (Fig. 4a—c), stable perfor-
mance was observed across a greater range of phase and
period correction settings, indicating a reduced need for
reactive error correction with increased use of anticipatory
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Fig.4 Effect of ADAM parameters on single-agent sensorimotor syn-
chronization in the steady tempo condition. a—c¢ Standard deviation of
asynchronies observed for the steady tempo condition as a function of
phase correction (x-axis), period correction (y-axis) and anticipatory
error correction (separate panels). Panels depict performance across
different levels of anticipatory error correction (a, y=0; b, y=0.5; c,
y=1). d—f Asynchrony timecourse plots for different example param-
eter settings for 250 simulations (purple) and one representative trial
(red). d Optimal parameter setting (¢=1). An identical asynchrony
timecourse is produced for full anticipatory error correction (y=1).
Unstable parameter settings produced with full period correction (e,
a=0, f=1) and overcorrection (f, a=1.5, f=1). Note the larger
scale of the y-axis in plots e—f compared to d (color figure online)

error correction. Indeed, with full anticipatory error cor-
rection, reactive error correction no longer affected perfor-
mance (indicated by the uniform color in the right panel).
The minimum standard deviation of asynchronies for simu-
lations applying full anticipatory error correction (y =1) was
identical to the minimum standard deviation of asynchronies
observed with full phase correction (¢ =1) and no anticipa-
tory error correction (y=0). It can also be noted that simu-
lations applying full anticipatory error correction produced
identical stimulus and response onsets (and consequently
asynchronies) as simulations that applied no anticipatory
error correction and full phase correction (see Fig. 4b).
This correspondence suggests that—at least in the case of

isochronous sequences—full anticipatory error correction
in ADAM’s joint module is functionally equivalent to full
phase correction in the adaptation module.

Taken together, the results of the present set of simula-
tions suggest that, in ADAM’s adaptation module, phase
correction (a) is both necessary and sufficient to account for
stable sensorimotor synchronization performance, whereas
period correction (f) generally has a deleterious effect
under steady tempo conditions. By definition, the predic-
tion/tracking weight () in ADAM’s anticipation module is
a redundant parameter for synchronization with isochronous
sequences, since both prediction (extrapolation) and track-
ing (perseveration) produce the same estimate for the next
inter-stimulus interval. Anticipatory error correction (y) did
not independently produce an overall improvement in per-
formance above and beyond that observed when adaptation
was optimal, showing that it too, is not necessary for ideal
performance with isochronous sequences.

Analysis of the lag-1 autocorrelation of the asynchronies
revealed negative autocorrelation values when the total reac-
tive error correction given by Eq. (12) was greater than one
and was positive when the total reactive error correction
was less than 0.99. Increasing anticipatory error correction
did not alter this relationship except when y=1, where the
autocorrelation was zero for all reactive error parameters

Total reactive error correction = a + 0.5 X f. (12)

Cross-correlation of ISIs—IRIs was not possible for the
steady tempo condition because the inter-stimulus intervals
were identical for all intervals. A script for visualizing plots
of the autocorrelation measures is available with the code
accompanying this paper.

4.2.2 Tempo changes

Similar to the steady tempo simulation, the mean signed
asynchrony failed to differentiate parameter settings that
produced stable performance and will not be considered.
In contrast, mean absolute asynchrony ranged from 9.83 ms
upwards and the standard deviation of asynchronies ranged
from 12.61 ms upwards across the various ADAM param-
eter settings for simulated synchronization with the tempo-
changing sequence. Once again, the pattern of results for
specific combinations of parameter settings was similar for
mean asynchrony and the standard deviation of asynchro-
nies, so only the standard deviation of asynchronies are
presented. Each plot in Fig. 5 shows the standard deviation
of asynchronies as a function of phase (x-axis) and period
correction (y-axis) controlled by ADAM’s adaptation mod-
ule. Each row depicts differing levels of prediction/track-
ing weight implemented by the anticipation module, with
full extrapolation in the top row (6=1), evenly balanced
extrapolation and tracking (6=0.5) in the middle row, and
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Fig.5 Effect of ADAM param-
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full tracking (6=0) in the bottom row. Each column depicts
differing levels of anticipatory error correction (y=0, 0.2,
0.4, 0.6, 0.8, 1; left to right) in the joint module.

Focusing first on the reactive error correction settings
when no anticipatory error correction was applied (y=0;
panels Fig. 5a—c), it can be seen that the standard devia-
tion of asynchronies was lowest with period overcorrection
(f> 1) combined with intermediate-to-low levels of phase
correction. This suggests that (without anticipatory error
correction) performance was optimized when overall reac-
tive error correction mechanisms overcompensated for the
most recent asynchrony to accommodate upcoming tempo
changes in the stimulus sequence. Prediction/tracking ()
settings did not modulate performance since the output of
the anticipation module does not affect responses in the
absence of anticipatory error correction (y =0).

The effect of the prediction/tracking weight (comparing
across rows) is only apparent when high levels of anticipa-
tory error correction were applied (y > 0.5; right columns),
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with more subtle changes in stability observed for low levels
of anticipatory error correction (left columns). When antici-
patory error correction was low, increasing the prediction/
tracking weight (bottom row, 6 =0; top row, = 1) generally
improved overall performance without significantly altering
the pattern of performance across the reactive error correc-
tion parameters. In contrast, for full anticipatory error cor-
rection (rightmost column; y=1), reactive error correction
no longer affected performance, and only the prediction/
tracking weight altered synchronization precision (hence
the uniform block of color in each panel).

Overall, it was clear that changes in anticipatory error
correction had the largest impact on performance. Imple-
menting anticipatory error correction (y>0) generally
improved performance and modulated the extent to which
reactive error correction (a, f) and the prediction/tracking
weight (6) influenced performance. The effect the antici-
patory error correction on these parameters reflects how
the joint module mediates the effect of the adaptation and
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anticipation modules on behavior. Response timing is deter-
mined entirely by the output of the adaptation module (reac-
tive error correction) when no anticipatory error correction
is applied, and response timing entirely determined by the
output of the anticipation module (prediction/tracking) when
full anticipatory error correction is applied.

Ideal performance across all parameters (i.e., global
minimum of the standard deviation of asynchronies) was
observed with moderately high levels of anticipatory error
correction (y=0.80) in conjunction with full extrapola-
tion (prediction, 6=1) and maximum phase overcorrection
(a=2). The inclusion of prediction/tracking and anticipatory
error correction parameters led to a substantial decrease in
the standard deviation of asynchronies (12.61 ms, Fig. 5s)
compared to the optimal parameter settings only involving
reactive error correction (24.57 ms Fig. 5t), indicating that
these parameters improve performance beyond what can be
achieved by reactive error correction alone.

Analysis of the lag-1 autocorrelation of asynchronies
demonstrated that the parameter settings that produced
autocorrelation coefficients close to zero coincided approxi-
mately with parameter settings that minimized the standard
deviation of the asynchronies (Fig. 6a—f). The prediction/
tracking ratio (Fig. 6g—1) was greater than 1 for the major-
ity of parameter settings, except for simulations where all
parameter values were low, indicating that predictive inter-
response intervals emerge with a surprisingly small degree
of either reactive and/or anticipatory error correction. More-
over, the prediction/tracking ratio (PTR =1.121) was highest
when both anticipatory error correction and the prediction/
tracking weight were set to 1.

4.2.3 Supplementary analysis: parameter separability/
identifiability

Different parameter settings produced identical levels of
performance across both steady tempo and tempo-changing
simulations, suggesting overparameterization and poten-
tial problems with parameter identification. However, it is
important to note that global measures of performance, such
as the standard deviation of asynchronies, are only summary
statistics for a pattern of asynchronies observed with each
simulation trial and do not capture differences in the time-
resolved pattern of asynchronies. For example, the steady
tempo simulations with parameter settings of a=1.5, =0
(here we use the symbol 8, to represent a vector of parameter
settings) and ¢ =0.9596, #=0.5 (6,) both produce a stand-
ard deviation of asynchronies of 11.4599 ms. However, the
pattern of asynchronies produced by these two parameter
vectors are not the same, indicating that these parameters
are potentially separable, at least for modeling procedures
that fit models to individual events (e.g., Jacoby and Repp
2012; Jacoby et al. 2015).
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Fig.6 Effect of ADAM parameters on the lag-1 autocorrelation and
cross-correlation based measures in the single-agent, tempo change
condition. a—f Lag-1 autocorrelation of the asynchronies as a function
of phase correction (x-axis), period correction (y-axis), prediction/
tracking weight (rows), and anticipatory error correction (columns).
g-1 Prediction-tracking ratio (based on lag-0 and lag-1 ISI-IRI cross-
correlations) as a function of phase correction (x-axis), period correc-
tion (y-axis), prediction/tracking weight (rows), and anticipatory error
correction (columns). Values corresponding to unstable performance
(low or high reactive error correction) have been omitted

To formally examine the issue of parameter identifiabil-
ity, we conducted a supplementary analysis that quantified
the similarity of the pattern of asynchronies produced for a
range of parameter settings. The similarity was defined as
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the Euclidean distance between the vector of asynchronies
produced for two parameter sets (6; and ¢,). The Euclidean
distance was calculated for 1000 simulations where the noise
vector was identical for both parameter vectors and varied
across simulation trials. The total Euclidean distance was
averaged across the 1000 simulations and entered into a
parameter distance matrix. To help simplify the analysis,
parameter identifiability was only assessed for two param-
eters at a time, thus for each analysis only two parameters
were varied to create each parameter vector, with the remain-
ing two parameters being fixed. Moreover, because param-
eter settings that produced very unstable performance also
produced exponentially large asynchronies, only parameter
settings that produced stable performance (standard devia-
tion of asynchronies < 15 ms for steady tempo and <25 ms
for tempo change.) were included in the analysis.

Multi-dimensional scaling was used to visualize the
first two dimensions of the distance matrix and was used
to examine whether this procedure would recover the two-
dimensional parameter space used to define parameter space.
This analysis revealed that for the steady tempo condition,
phase and period correction produced a two-dimensional
manifold with parameter values organized topographically
in a manner that roughly recovered the parameter space
tested. In contrast, phase and anticipatory error correc-
tion produced a one-dimensional manifold, indicating that
these two parameters are formally indistinguishable for the
steady tempo condition. For the tempo-changing condition,
only anticipation/tracking and anticipatory error correction
were examined and were found to be separable when reac-
tive error correction parameters were fixed at two different
settings (@¢=0.55, f=1.8 and a=2, f#=0). Although lim-
ited in scope, this analysis provides some evidence that the
parameters are mostly separable except for anticipatory error
correction under conditions of steady tempo. The scripts
for this supplementary analysis can be found with the code
accompanying this paper.

5 Dual-agent simulations

The aim of the dual-agent simulations was to explore the
optimal coordination strategies when the task requires two
bi-directionally coupled agents (agent 1 and agent 2) to syn-
chronize their responses. Since previous studies have clearly
outlined the role of reactive error correction mechanisms
in adaptively timed and naturalistic scenarios (Repp and
Keller 2008; Vorberg 2005; Wing et al. 2014), the primary
goal was to determine the necessity of the mechanisms that
comprise the anticipation and joint modules. As was the
case in the single-agent simulations, the goal was to iden-
tify which parameter settings maximize synchronization
stability by reducing the variability of the synchronization
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error observed between the two agents’ responses. Synchro-
nization performance was again assessed for both steady
tempo and tempo change conditions. By assessing perfor-
mance with two interacting agents, the present simulations
sought to understand what role the anticipation and joint
modules play in a relatively complex, naturalistic context
whereby each agent dynamically responds to their partner’s
performance.

Unlike single-agent simulations, where there are prede-
fined inter-stimulus intervals that provide external synchro-
nization targets, dual-agent simulations present a case where
each agent provides the other’s synchronization targets. This
is unproblematic in the steady tempo case, as long as the
internal timekeeper setting of each simulated agent matches
the goal tempo. However, tempo-changing scenarios require
at least one of the agents to have access to a target sequence
of inter-onset intervals to serve as a goal. Therefore, a tem-
plate-based approach, where each agent is given a series of
temporal intervals as input prior to each trial, was employed
to allow the simulated agents to produce the tempo-changing
sequence from the single-agent simulation. Specifically, the
model timekeeper was altered to store the pattern of inter-
stimulus intervals from the tempo-changing sequence in a
memory template, analogous to how musicians may have
memory representations of a musical piece. These inter-
stimulus intervals were used to plan the upcoming response
by sequentially retrieving each inter-onset interval from
memory.

The lack of an external target sequence in the dual-agent
simulations also prompted us to devise additional measures
of task performance to accommodate the implementation of
the performance templates. Since both agents were able to
mutually adjust their behavior to synchronize to their part-
ner’s actions, ideal performance (i.e., minimizing the stand-
ard deviation of asynchronies) could coincide with param-
eter settings where both agents depart from the sequence of
intervals stored within their respective memory templates.
Indeed, previous experimental work has shown that human
piano duos that had learned incompatible sequences of
tempo variations (prior to the experiment) tended to eschew
the pattern of tempo change that they had practiced previ-
ously alone (prior to the experiment) in order to synchro-
nize with their partner (MacRitchie et al. 2017). Thus, in
the dual-agent simulations we sought to examine optimal
parameter settings associated with two possible task goals
from the perspective of each agent: (1) to synchronize with
the other agent (i.e., inter-agent synchrony) and (2) to adhere
to a partner’s tempo goals determined by a template (see
Fig. 7).

Measuring both joint and template-matching error
variability allowed us to establish the importance of the
leader—follower relationships within the broader range of
strategies that were associated with ideal performance.
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Fig. 7 Illustration of the joint error variability and template-match-
ing error variability used to quantify performance in the dual-agent
simulations. The sequence of inter-response intervals stored in the
template for agent 1 (depicted as clocks) emits motor commands that
trigger the agent 1’s responses. Joint error variability is calculated by
subtracting the response onset times for agent 2 from agent 1 and then
computing the standard deviation of these asynchronies for each trial.
Template-matching error variability is calculated by subtracting the
response onset times for agent 2 from the target response times for
agent 1, as determined by the template

Whereas joint error variability exhaustively identifies all
coordination strategies that produced stable performance
(incorporating both asymmetrical, leader—follower strategies
and symmetrical, balanced strategies), template-matching
error variability specifically identifies coordination strategies
that ensured that each agent followed their partners target
performance. Thus, it was possible to determine whether
asymmetrical coupling represented the ideal strategy for a
particular task, or was merely one viable strategy out of a
wider range of strategies.

Three dual-agent simulations were conducted to explore
different tempo conditions. The first simulation examined
the optimal coordination strategy when both agents were
programmed to synchronize their responses with identi-
cal steady tempo performance templates. It was predicted
that joint error variability would be minimized when the
shared phase correction summed to 1 (a;+a,=1). Based
on previous research (Repp and Keller 2008; Vorberg 2005;
Wing et al. 2014), we assumed that joint error variability
would be minimized across a range of parameter combi-
nations including symmetrical (a; & a,) and asymmetrical

coupling strategies (a; < a,, @, <a;). However, in contrast,
it was hypothesized that template-matching error variabil-
ity would be minimized for asymmetric coupling strategies
whereby phase correction was lower in the leader (agent 1)
than the follower (agent 2). Given the results of steady tempo
single-agent simulation, we further predicted that anticipa-
tory error correction would not improve performance beyond
that observed for optimal phase correction parameters.

The second dual-agent simulation assessed synchroniza-
tion stability where both agents are programmed to produce
the same pattern of tempo changes. Building on the find-
ing from the single-agent simulation employing the tempo-
changing sequence, we hypothesized that prediction/tracking
and anticipatory error correction were necessary to optimize
synchronization precision in the tempo-changing condition,
we expected that ideal performance would be similar to
that observed in simulation 1b. That is, ideal performance
would be observed when each agent adopted optimal pre-
diction/tracking (6 =1) and anticipatory error correction
(0.5<y<1). It was expected that optimizing joint error and
template-matching error would produce the same results in
this case, given that both agents were programmed to pro-
duce the same pattern of response intervals.

The final dual-agent simulation examined synchronization
stability when both agents were programmed with incongru-
ent performance templates, where agent 1 was programmed
with tempo-changing performance template and agent 2 was
programmed with a steady tempo performance template.
The aim of these simulations was to examine how agents
would negotiate an optimal coordination strategy when both
agents were programmed with incompatible performance
goals (e.g., MacRitchie et al. 2017). Of particular inter-
est was whether the agents would engage in asymmetrical
leader—follower coupling or symmetrical mutual coupling.

We assumed that template-matching error variability (rel-
ative to agent 1, implementing the tempo change template)
would be minimized under highly asymmetrical parameter
settings whereby agent 1 would adhere to their own perfor-
mance template and ignore agent 2. On the other hand, agent
2 would integrate their partner’s performance into their own
by anticipating the timing of agent 1’s action timing. Thus,
we expected the template-matching error to be minimized
when agent 1 implemented neither reactive nor anticipatory
correction mechanisms (a; =p, =0,=y,=0), effectively
ignoring agent 2. Likewise, we expected ideal performance
to coincide with when agent 2 incorporated predictions
about agent 1’s performance into their responses. Similar
to single-agent tempo-changing simulation, we assumed
that ideal performance in this case would be observed when
agent 2 implemented optimal anticipatory error correction
(0,<1; 4,=0;6,=1;0.5<y,<1).

In terms of minimizing the joint error variability, we
expected that maximal synchronization stability would be
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observed when both agents mutually adjusted their perfor-
mance by partially incorporating predictions about their
partner’s response times into their performance. That is, we
expected joint error variability to be minimized when each
agent partially suppressed its own respective performance
template and partially accommodated to their partner’s
performance by anticipating their action timing. Thus, we
expected to observe ideal performance for simulations where
each agent utilized high levels of prediction (§,=6,=1)
and intermediate levels of anticipatory error correction

(r1=7,=0.5).
5.1 Procedure

5.1.1 Dual-agent architecture, template implementation
and performance measures

The dual-agent simulations comprised two interactive part-
ners (agent 1, agent 2) that were each implemented with the
ADAM architecture. The computations used to produce the
responses were identical to those presented in the single-
agent simulations with the exception that each partner now
served as stimulus input for the other agent. That is, for agent
1 all references to the stimulus onsets (S;) and stimulus inter-
vals (s;) were substituted for responses produced by agent 2
(R,; and r, ;). The equation for determining the joint errors
for agent 1 (A, ;) and agent 2 (A, ) are, respectively;

jAl,i :Rl,i_RZ,i (13)

JA2; =Ry —Ry; (14)

Furthermore, the equation used by agent 1 to predict the
onset of the responses produced by agent 2 (and vice versa
for agent 2) is;

Sl = Roi 8, X (2ry;—raiy) + (1=68)) X1y (15)
Sy =R +8,% (2r ;= ris) + (1=6,) Xri (16)

The above procedure was implemented under three
tempo conditions that varied in terms of the way in which
timekeeper intervals were set and used to trigger responses.
For the first simulation (steady tempo template), the inter-
val stored in the timekeeper for both agents was initially
set to 500 ms and remained constant throughout the trial
unless altered by period correction. In the second simulation
(tempo-changing template), both agents produced a predict-
able sequence of tempo variations that were retrieved from a
template. In the third simulation (incompatible templates),
agent 1 implemented a tempo-changing template and agent
2 implemented a steady tempo template.

The tempo-changing template sequence was identical
to that used in the tempo-changing sequence from the
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single-agent simulations. Template intervals (D;) were
implemented by setting the timekeeper value (T ;, ;) used
to plan the upcoming response (R'| ;,) equal to the next
interval in the memory template (D,, ;) such that;
i—4)x 7r>

a7

T, ;41 = D; =500+ 100 X cos < 3

Agents producing intervals according to the steady
tempo template were implemented in the same manner as
the single-agent simulations (Eq. 4).

We assumed that agents retrieving temporal sequences
from memory have the capacity to accommodate to their
partner’s performance by shifting their overall global
tempo (i.e., the average tempo) to better match their part-
ner, while simultaneously maintaining local tempo varia-
tions associated with the memorized template. Computa-
tionally, this process of tempo scaling was implemented
in the model by allowing period correction to be applied
not only to the current timekeeper interval, but also to all
upcoming intervals stored in the memory template.

Joint error variability was calculated by taking the
standard deviation of the joint error (Eqs. 13, 14). The
template-matching error variability was calculated by
taking the standard deviation of the difference between
the observed response onsets for agent 2 and the response
onsets expected from the intervals stored in the inter-
nal template for agent 1 (and vice versa). The expected
response onsets were calculated by taking the cumulative
sum of all intervals from the start of the simulation trial
to the current interval stored in the internal template D ;

64

tA;=Y (D) =Ry (18)

i=4

5.1.2 Parameter search

Since the parameter space explored in the dual-agent simu-
lations was much larger than the first set of simulations
(8 vs. 4 parameters), we employed a two-step grid search
technique to identify the optimal parameter settings. In the
first step, parameter settings for both agents were systemat-
ically varied to identify parameter combinations that mini-
mized joint error variability and template-matching error
variability. Phase and period correction parameter values
for each agent were sampled from within the range of 0—1
with an interval of 0.5. Likewise, the prediction/tracking
weight and the anticipatory error correction parameter val-
ues were sampled from the range of 0—1 with an interval
of 0.5. Timekeeper noise was held at a constant value of
10 ms for both agents across all simulations. Both joint
error variability and template-matching error variability
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calculated for each simulation were averaged over 1000
trials per parameter combination.

To evaluate the role that each parameter played in produc-
ing ideal performance at this first step, we ran a correlation
analysis on the optimal parameter settings to identify any
inter-relationships between the parameters. This analysis
identified three generic types of parameter: fixed parame-
ters, redundant parameters, and complementary parameters.
Fixed parameters did not correlate with the other parameters
and adopted only a single value across the simulations that
yielded ideal performance. Redundant parameters also did
not correlate with any other parameters but differed from the
fixed parameters in that all simulated values were associated
with the minimal error measure. Finally, complementary
parameters demonstrated a negative correlation with other
parameters, indicating that ideal performance could be main-
tained if the two agents adopted complementary parameter
settings (i.e., parameter settings traded-off between agents).

At a second step, to provide a more fine-grained picture
of the relationship between these interrelated parameters, we
performed additional simulations to explore the parameters
identified as complementary in the correlation analysis with
increased resolution by running simulations for all parameter
settings between 0 and 1 sampled in steps of 0.02.

5.2 Results
5.2.1 Dual-agent, steady tempo template

The steady tempo templates simulation examined synchro-
nization performance when the two virtual agents were
programmed to produce a steady tempo sequence. Initial
simulations revealed 27 parameter combinations that shared
the same minimal joint error variability. The standard devia-
tion of the joint error variability was lowest when phase
correction had complementary settings across the two
agents (a; +a,=1), period correction was fixed at zero for
both agents (, =/, =0), the prediction/tracking weight (J,
and 0,) varied freely (indicating redundancy in the sense
that all parameter values were optimal), which was due to
anticipatory error correction being found to be fixed at zero
(r1=7,=0).

Follow-up analysis focusing only on variation of phase
correction for both agents is shown in Fig. 8a, b. This anal-
ysis revealed minimal joint error variability when phase
correction summed across both agents was 0.98 (Fig. 8a).
Standard deviation of asynchronies for the optimal param-
eter settings was found to be 14.09 ms, which is slightly less
than the minimal variability expected from the current simu-
lations based on the timekeeper noise settings (combined
timekeeper variability, 14.14 ms).

Complementary phase correction is consistent with pre-
vious studies (Repp and Keller 2008; Vorberg 2005; Wing

Joint Error

Template-Matching
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Agent 1 Phase
Correction («)

Agent 2 Phase
Correction («)
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Fig.8 Measures of synchronization stability for dual-agent simula-
tions in the steady tempo condition. a Joint error variability, b tem-
plate-matching error variability as a function of the amount of phase
correction (a) employed by agent 2 (x-axis) and agent 1 (y-axis).
The joint error plot shows ideal performance for complementary
phase correction for agents 1 and 2 summing to approximately 0.98,
whereas the template-matching error indicates ideal performance
when both agents adopted similar, intermediate phase correction
values. ¢ Representative asynchrony timecourse, d inter-response
intervals (bottom panel) for agent 2 under a symmetrical (blue) and
asymmetrical (red) phase correction settings. Although symmetrical
and asymmetrical parameter combinations produced similar asyn-
chrony plots, the inter-response interval produced for the symmetrical
parameter settings was less variable than the asymmetrical parameter
settings, implying steadier tempo was maintained with symmetrical
parameter settings (color figure online)

et al. 2014), showing ideal performance when synchroni-
zation errors are almost completely corrected across both
agents. As observed in previous studies (Repp and Keller
2008), ideal performance was achieved with slightly less
than full phase correction (a; + a, <1). This may be the
case because local variability associated with some portion
of internal noise does not require correction, although this
explanation is based on simulations that modeled motor
noise (Vorberg and Schulze 2002), which was not included
in the present simulations. Therefore, it may instead be the
case that variability associated with the interaction partner
provides a source of noise that cannot be fully accounted
for by phase correction.
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For the template-matching error, the initial simulations
identified 9 parameter settings associated with stable syn-
chronization. Most parameters for these simulations were
fixed, with phase correction for each agent (o, and a,) set
to 0.5, and period correction (#, and $,) and anticipatory
error correction (y; and y,) set at 0. The prediction/tracking
weight (5, and §,) was again found to be redundant. Detailed
analysis of phase correction and template-matching error
variability revealed (Fig. 8b) that template-matching error
variability was minimized when both agents adopted almost
identical, intermediate levels of phase correction (a; =0.48,
a,=0.50). The minimal template-matching error variability
for the optimal parameter settings was found to be 22.70 ms
with a corresponding joint error variability of 14.09 ms.

Consistent with results for single-agent synchroniza-
tion at a steady tempo, the results of the present dual-agent
simulation indicate that phase correction alone is sufficient
for ideal performance in contexts requiring regular timing.
Moreover, whereas joint error variability was minimized
under both asymmetrical (leader—follower) and symmetrical
correction strategies, minimizing template-matching error
variability—thus maintaining a steady tempo throughout the

Fig.9 Cross-correlations of the
IRIs produced by agents 1 and (a)
2 in the steady tempo (a—c) and 1

the tempo change, congruent

template conditions (d—f) as a O~

. nd
function of the phase correc- ©~
tion () employed by agent 2 E_ g
(x-axis) and agent 1 (y-axis). i
a, d Correlation between agent g g
2’s IRIs and the lagged IRIs of g) 8

agent 1 (lag-1). b, e Correlation
between the IRIs of agents 1
and 2. ¢, f Correlation between 0

Agent 1 (Lag-1)
Agent 2

interaction—was only achieved when both agents symmetri-
cally employed intermediate levels of phase correction. Fig-
ure 8c, d makes this point clear, where the top panel (Fig. 8c)
shows that both symmetrical and asymmetrical parameter
settings produce almost identical asynchrony time series,
whereas the inter-response intervals (produced by agent 2)
show reduced variability for symmetrical compared to asym-
metrical parameter settings (Fig. 8d). Taken together, these
results suggest that a symmetrical dyadic interaction mini-
mizes the variability of observed asynchronies and ensures
that both agents maintain the initial tempo.

The lag-1 autocorrelation of the asynchronies showed a
similar relationship as found in the single-agent simulation,
where the autocorrelation was negative when the sum of
the phase correction values was greater than 0.98, and tran-
sitioned to increasingly positive values as the sum of phase
correction values decreased. The cross-correlations between
IRIs of agent 1 and agent 2 (Fig. 9a—c) showed more positive
correlations at lag-1 when a partner implemented greater
phase correction. That is, an agent’s IRIs lagged behind
their partner’s IRIs when the former agent adopted high
levels of phase correction (Fig. 9a, c). The most positive
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lag-1 IRI cross-correlations were observed when both agents
implemented high levels of phase correction (r=0.94). The
lag-0 cross-correlation was close to zero when either agent
implemented no phase correction, and became more nega-
tive as agents implemented more phase correction (Fig. 9b),
with the lowest value observed for full phase correction
(r=-0.96). The pattern observed for the IRI cross-corre-
lations was consistent with the notion of hyper-followers
in steady tempo tasks, whereby lag-1 measures are positive
and lag-0 measures are negative (Konvalinka et al. 2010).

5.2.2 Dual-agent, tempo-changing template

The results of the simulations where both agents were pro-
grammed to produce identical tempo-changing sequences
were almost identical to the results observed in the simu-
lations involving two agents programmed to produce a
steady tempo. Optimal joint error variability was observed
for 27 simulations where phase correction (; and a,) was
observed to be a complementary parameter, prediction/
tracking weighting was a redundant parameter, and both
period and anticipatory error correction were found to be
fixed-zero parameters. Follow-up analysis of the phase cor-
rection parameters revealed that joint error variability was
minimized when the total phase correction summed to 0.98.
Standard deviation of asynchronies for the optimal param-
eter settings was found to be 14.09 ms. Thus, in contrast
to the single-agent, tempo-changing simulation, where the
prediction/tracking weighting and anticipatory error correc-
tion were necessary for ideal performance, the present dual-
agent results suggest that prediction/tracking and anticipa-
tory error correction are not required in a tempo-changing
context when both agents share a representation of the target
performance.

Analysis of the template-matching error variability also
exhibited the same pattern as the steady tempo condition.
The grid search technique revealed 9 parameter settings that
minimized template-matching error variability, with phase
correction found to be a fixed parameter (a; =a,=0.5),
prediction/tracking weight a redundant parameter, and both
period and anticipatory error correction fixed-zero param-
eters. Detailed analysis of the phase correction settings
showed that the template-matching error variability was
minimized when both agents adopted intermediate levels
of phase correction (e.g., a; =0.48; a, =0.50). Importantly,
inspection of the inter-response intervals produced by each
agent closely matched the temporal intervals stored in the
performance template (Fig. 10a) for the optimal parameter
settings. Minimal template-matching error variability was
again found to be 22.7 ms (corresponding joint error vari-
ability, 14.09 ms).

The lag-1 autocorrelation of the asynchronies showed
the same relationship as in steady tempo dual-agent

———e—— Agent 1 a =0.5

(a) ——o—— Agent2 a =0.5
600 -
400 -
——o—— Agent15=0~y=1
(b) ——o—— Agent25=0~y=0
600

600

400

0 5 10 15 20 25 30
Index of the Onset

Fig. 10 Inter-response intervals produced by agent 1 and agent 2 for
the congruent (a) and incongruent template conditions (b, ¢) in the
dual-agent simulations. Panels depict representative trials for the
parameter settings that minimize joint error variability for the con-
gruent and incongruent template conditions (a, b) and the template-
matching error variability (c). The black dotted line represents the
temporal intervals stored in the tempo change template (implemented
in agent 1 in b and c¢)

simulation, negative correlations when the sum of the
phase correction values was greater than 0.98, and transi-
tioned to increasingly positive values as the sum of phase
correction values decreased. Unlike the steady tempo con-
dition, the IRI cross-correlations (Fig. 9d—f) were positive
at all lags (1, 0, and — 1). Nevertheless, the qualitative pat-
tern of results was similar to the steady tempo, dual-agent
simulation. The lag-1 (Fig. 9d, f) correlations were highest
when both agents adopted full phase correction (r=0.94).
Likewise, the lag-0 correlations (Fig. 9e) were high-
est when both agents did not engage in phase correction
(r=0.98) and were lowest when both agents adopted full
phase correction (r=0.13; note the scale was truncated for
Figs. 9d—f to emphasize differences in correlations values
for the lag-1 measures). The inflated cross-correlations
exhibited in the current simulation was likely due to the
tempo-changing intervals contributing the largest source
of variance in the pattern of the IRIs, which was shared by
both agents. This contrasts with the steady template condi-
tion where variation in the IRIs would have reflected only
noise perturbations from the timekeeper of each agent.
Although timekeeper noise also would have contributed
to variability in the tempo change simulation, this would
have made up a smaller proportion of the variability com-
pared to the tempo-changing performance template.
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5.2.3 Dual-agent, incompatible template

Simulations comprising two agents each implementing
incongruent performance templates (agent 1, tempo change;
agent 2, steady tempo) revealed 27 simulations that mini-
mized the joint error variability. These showed that joint
error variability was minimized when all reactive and antici-
patory correction parameters for agent 2 were set to zero
(i.e., agent 2 anticipation/tracking parameter was redundant),
and when agent 1 adopted a full tracking strategy (6, =0,
71 =1, wherein all reactive error correction parameters were
redundant as anticipatory error correction was set to maxi-
mum). Thus, an inter-agent coordination strategy that stabi-
lizes joint error in the context of incompatible tempo goals
(changing versus steady tempo) is associated with agent 1
abandoning their tempo-changing performance template
and mirroring the behavior of the agent producing a steady
tempo (Fig. 10b). The joint error variability observed for
these parameter settings was 17.3 ms. These parameter set-
tings coincided with a lag-1 autocorrelation of asynchronies
of —0.34, and a lag-1 cross-correlation between the IRIs
of agent 1 and 2 of 0.75, with all other cross-correlation
values close to zero, indicating that agent 1 was effectively
tracking agent 2.

A different pattern of results emerged for the case that
involved minimizing template-matching error variability.
Initial simulations revealed 27 parameter settings that mini-
mized template-matching variability, all comprising reac-
tive and anticipatory error correction set to zero for agent 1,
and anticipatory error correction set to one and prediction/
tracking weighting set to 0.5 for agent 2. Detailed parameter
search wherein parameters for agent 1 were fixed to zero
showed that template-matching error was minimized when
agent 2 implemented full anticipatory weighting and high
anticipatory error correction (8,=1; y, =0.8) with no reac-
tive error correction (a, =/, =0). Under these conditions,
agent 2 produced a sequence of inter-response intervals that
closely matched the inter-response intervals produced by
agent 1 (Fig. 10c). These results indicate that asymmetri-
cal coupling is required to ensure that both agents produce
the tempo-changing sequence under conditions where the
one agent does not share the tempo-changing performance
template. The minimal template-matching error variability
observed for the optimal parameter settings was 38.0 ms
(and a corresponding joint error variability of 22.87 ms).
The parameter settings that produced minimal template-
matching error variability for agent 1 were identical to the
parameter settings that minimized the joint error variabil-
ity between both agents. The optimal template-matching
parameter settings produced a lag-1 autocorrelation of asyn-
chronies of —0.20, and uniformly high (i.e., > 0.8) cross-
correlation values with the lag-0 IRI cross-correlation coef-
ficient exhibiting the highest value (agent 1 lag-1 IRI X agent
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2 IRI=0.89; agent 1 x agent 2 IRI=0.9; agent 1 X agent 2
lag-1 IRI=0.81). The resultant prediction/tracking ratio of
1.01 indicates that these parameter settings produced weakly
predictive IRIs for agent 2.

6 Discussion

The present study investigated the role of different param-
eters in ADAM, a linear event-based model of sensorimo-
tor synchronization (Keller et al. 2016; van der Steen et al.
2015a; van der Steen and Keller 2013), using computer sim-
ulations of unidirectional, single-agent synchronization with
a pacing sequence (such as when a musician synchronizes
with a metronome or a recording) and dual-agent interaction
under steady tempo and tempo-changing conditions. A range
of parameter combinations were tested in order to determine
which parameters from ADAM’s adaptation, anticipation,
and joint modules are necessary for maximizing stable sen-
sorimotor synchronization performance, defined as mini-
mizing the variability (standard deviation) of asynchronies.
Results generally indicated that reactive error correction
parameters in ADAM’s adaptation module were influential
across tempo and interaction conditions. In contrast, the
parameters governing the balance between prediction and
tracking in the anticipation module, and the anticipatory
error correction parameter in the joint module, were only
influential under tempo-changing conditions.

Two sets of optimal parameter settings emerged consist-
ently across the single- and dual-agent simulations. The
first was most clearly identified in the steady tempo con-
dition. Under both single- and dual-agent conditions, ideal
performance in the steady tempo condition was determined
exclusively by the phase correction setting. Period correc-
tion, prediction/tracking weighting, and anticipatory error
correction exerted no influence under these conditions.
Whereas ideal performance in the single-agent condition
was observed when the simulated agent adopted full phase
correction, optimal phase correction in the dual-agent simu-
lations depended on whether performance success was quan-
tified on the basis of inter-agent joint synchrony or adher-
ence to an interaction partner’s tempo goals predetermined
by a template.

When performance was quantified as the variability
observed in inter-agent asynchrony (joint error variabil-
ity), ideal performance coincided with total phase correc-
tion employed by both agents summing to 0.98. In contrast,
when performance was quantified as the variability of the
synchronization error between the performance template
implemented in agent 1 and the responses produced by
agent 2 (template-matching error variability), ideal perfor-
mance was observed when both agents adopted intermedi-
ate levels of phase correction. This finding indicates that
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whereas minimizing inter-agent synchronization error (i.e.,
joint error variability) can be achieved by either adopting an
asymmetrical (i.e., leader—follower) or symmetrical inter-
agent coordination strategy, maintaining a steady tempo
(low template-matching error) is observed only when both
agents implement equal phase correction (i.e., symmetri-
cal interpersonal coordination strategy). Intriguingly, the
same pattern of results was also observed in the dual-agent
simulations where both agents implemented identical tempo-
changing performance templates. Only phase correction was
necessary to obtain ideal performance, with shared phase
correction equaling 0.98 again minimizing joint error vari-
ability, and shared intermediate phase correction minimiz-
ing template-matching error variability. Taken together with
the steady tempo simulations, these results suggest that
optimizing phase correction parameter settings reflect the
best interpersonal coordination strategy when both agents
share a common performance template. This supports the
assumption that, in the case of musical ensemble perfor-
mance, interpersonal coordination can be achieved relatively
automatically if co-performers possess a shared representa-
tion of expressive timing goals related to the ideal ensemble
sound (Keller 2008; MacRitchie et al. 2017a; cf Schiavio
and Hgffding 2015).

The second set of optimal parameter settings identified
in the current study was observed in relation to the tempo-
changing condition. Maximally stable performance in the
single-agent tempo-changing condition was observed when
the agent implemented a full extrapolation (prediction) and
moderately high anticipatory error correction. Similar results
were observed in the dual-agent simulations, however only
for the incongruent templates condition where one agent
implementing a steady tempo performance template inter-
acted with a partner implementing a tempo-changing perfor-
mance template. Here, template-matching error variability
was minimized when the agent implementing the steady
tempo template adopted full extrapolation (prediction) and
moderately high anticipatory error correction. This high-
lights the benefits of asymmetrical leader—follower relations
specifically in the case of negotiating tempo changes (while
such relations may be detrimental at a steady tempo; Novem-
bre et al. 2015; Vorberg and Schulze 2002). Asymmetrical
relations are generally beneficial under conditions of high
task difficulty during interpersonal coordination (Skewes
et al. 2015). In a musical duo situation where one individual
is committed to producing specific patterns of tempo varia-
tion (for example, a soloist with preplanned expressive inten-
tions playing with an accompanist), temporal prediction and
anticipatory error correction should be required primarily on
the part of the co-performer (the accompanist).

The dual-agent simulations also revealed another opti-
mal parameter setting that was not observed in the single-
agent simulations and are thus informative about potential

coordination strategies in mutually coupled interactions. For
the incongruent tempo condition, ideal inter-agent synchro-
nization stability (joint error variance) was observed when
agent 2 (steady tempo template) implemented neither reac-
tive nor anticipatory error correction, and agent 1 (tempo
change template) implemented full tracking and anticipatory
error correction parameter settings. The result of this param-
eter setting was agent 1 abandoning their tempo-changing
template to synchronize with the steady tempo performance
produced by agent 2. Complete adoption of the steady tempo
performance by agent 1 presumably reflects the fact that
tempo variations associated with the tempo-changing tem-
plate are inherently less stable in comparison with the sim-
pler task of maintaining a steady tempo. In a musical duo
scenario, this could amount to the soloist abandoning their
expressive timing goals and playing at a deadpan metro-
nomic tempo dictated by the accompanist (presumably not
an ideal state of affairs).

Taken together, the single- and dual-agent simulations
provide novel insight into the role that each of ADAM’s
parameters plays in sensorimotor synchronization under con-
ditions emphasizing tempo maintenance and tempo change.
In what follows, we discuss the implications of these find-
ings for each module in the model, first discussing the reac-
tive error correction parameters in the adaptation module,
and then the prediction/tracking weight from the anticipation
module and the anticipatory error correction implemented
by the joint module.

6.1 Adaptation module

The adaptation module comprises phase and period cor-
rection, two reactive error correction mechanisms that are
standard components of traditional autoregressive models
of sensorimotor synchronization. Consistent with previous
studies (Repp and Keller 2008; Repp et al. 2012; Wing et al.
2014), phase correction was found to play an important role
in simulations involving maintenance of a steady tempo,
with optimal phase correction corresponding to parameter
settings where the total sum of phase correction applied
was 0.98. In the single-agent, steady tempo condition, com-
plete phase correction produced a standard deviation of
asynchrony that was equal to the timekeeper noise setting
used in the simulations, confirming that optimal phase cor-
rection can fully accommodate the timing error associated
with the timekeeper (see Vorberg and Schulze 2002; Wing
et al. 2014). Period correction, in contrast, generally had a
deleterious effect on synchronization stability in the steady
tempo condition. Period correction in this condition allowed
the timekeeper to drift from the tempo initially set by the
stimulus sequence at the start of each simulated trial, which
increases performance variability (see also Repp and Keller
2008). This implies that investing effort when synchronizing
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at a steady tempo, by attempting to compensate for what
are essentially random timing fluctuations, may in fact be
detrimental to achieving temporal goals.

Both period and phase correction played a positive role
in producing ideal performance in the tempo change condi-
tion. Period overcorrection in conjunction with moderate
phase correction produced reasonably stable synchroniza-
tion for the tempo-changing sequences. By overcorrecting
the most recent asynchrony, parameter settings employing
a high degree of period correction are capable of accom-
modating changes in the tempo of the stimulus sequence.
That is, by employing period overcorrection, the timekeeper
interval can be set larger (or smaller) than the most recent
inter-stimulus interval, and thus accommodate upcoming
changes in the stimulus sequence by overcompensating for
recent errors. For example, if the tempo is slowing (increas-
ing inter-stimulus intervals) taps will tend to be early. Period
overcorrection will lengthen the next inter-response interval
so that it will be larger than the most recent inter-stimulus
interval. The resulting inter-stimulus interval produced by
period overcorrection will be a closer match to the next
inter-stimulus interval, which will also be longer than the
most recent inter-stimulus interval. Previous work has found
that human participants display behavior that is consistent
with phase overcorrection in the context of synchronization
with tempo-changing sequences (van der Steen et al. 2015a).
The current results suggest that period correction may be an
alternative strategy that can be consciously applied, albeit
with effort (see Repp and Keller 2004).

The ideal combination of phase and period correction
in the tempo-changing condition was altered by the degree
to which anticipatory error correction was employed, and
by whether both agents shared the same performance tem-
plate. In the single-agent simulation, period overcorrection
and moderate phase correction were required for ideal per-
formance when levels of anticipatory error correction were
low. However, period correction was no longer necessary
to produce ideal performance, and reactive error correction
only required phase correction when anticipatory error cor-
rection was optimal. Likewise, only phase correction was
required when both agents employed the same tempo change
template. This would be the case in musical scenarios where
co-performers possess similar representations of expressive
timing goals (Keller et al. 2014), acquired over the course
of ensemble rehearsal as the musicians become increasingly
familiar with the musical piece and each others’ idiosyn-
cratic playing styles (MacRitchie et al. 2017a; Ragert et al.
2013; Repp and Keller 2010).

The use of either phase or period correction presumably
reflects the optimal strategy for dealing with variability
induced by the stimulus sequence (i.e., tempo changes) and
internal noise (i.e., timekeeper noise). When the anticipation
module cannot provide accurate estimates of the stimulus
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onsets (such as when tempo acceleration turns into tempo
deceleration), or the joint module does not correct enough
of the predicted error, period correction becomes effective
by reactively accommodating the changes in the stimulus
sequence. This situation could arise when ensemble per-
formers are faced with an unfamiliar piece or an unfamil-
iar partner, making the process of achieving interpersonal
coordination effortful. However, when the change in tempo
is accommodated by the optimal prediction/tracking and
anticipatory error correction settings, only phase correction
is necessary to provide a local adjustment to deal with vari-
ability associated with the timekeeper. A familiar partner
or well-rehearsed performance may thus allow the use of
templates that reduce attentional load.

Taken together, the mechanisms implemented in ADAM’s
adaptation module are necessary to produce ideal perfor-
mance across a range of conditions. Phase correction plays
a ubiquitous role in sensorimotor synchronization to correct
sources of internal noise (i.e., timekeeper noise) both when
the tempo must be maintained and during periods of tempo
change. This is consistent with the automatic and obliga-
tory nature of phase correction (Repp 2001; Repp and Keller
2004; Schulze et al. 2005), suggesting that this fundamental
mechanism of entrainment is necessary for interpersonal
coordination (Keller et al. 2014; Phillips-Silver et al. 2010).
In musical contexts, phase correction may be sufficient when
the tempo is steady and when co-performers have match-
ing goals in terms of tempo changes. In situations where
phase correction is not sufficient, period overcorrection is
beneficial for dealing with tempo changes. The adaptation
module alone can produce reasonably stable performance in
tempo-changing sequences. However, the adaptation module
is purely reactive and driven by asynchronies. By itself, this
module cannot detect nor exploit systematic timing patterns
present in the stimulus sequence to plan future responses.

6.2 Anticipation and joint modules

ADAM’s anticipation and joint modules are relatively
novel constructs insofar as traditional linear error correc-
tion models (e.g., Mates 1994a; Vorberg and Schulze 2002;
Vorberg and Wing 1996) and nonlinear dynamical systems
models (e.g., Dumas et al. 2014; Kelso et al. 2009; Loehr
et al. 2011) do not incorporate equivalent processes. While
previous empirical work suggests that these new modules
are valid psychological constructs (van der Steen et al.
2015a), the way in which they interact with one another
and with reactive error correction had not been previ-
ously explored. Specifically, although a previous study that
included simulations (van der Steen et al. 2015a) did exam-
ine the anticipation/tracking weight, this was done only to
explore inter-relationships with reactive error correction and
did not entail a detailed examination of anticipatory error
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correction. Moreover, these simulations were only based
on tempo-changing sequences, leaving open the question of
whether the anticipation and joint modules are beneficial for
sequences with no changes in tempo.

The anticipation module in ADAM provides an estimate
of future stimulus events based on patterns recently observed
in the stimulus sequence, whereas the joint module estimates
the predicted asynchrony between the outputs of the adap-
tation and anticipation modules, and provides anticipatory
error correction in advance of action execution. Although
separate modules, the effect of the predicted stimulus onsets
provided by the anticipation module are essentially gated by
the level of anticipatory error correction employed by the
joint module, thus the function of the two parameters from
these modules will be discussed together.

As expected, the effect of the prediction/tracking weight
and the anticipatory error correction parameters was most
apparent in the context of tempo changes. In the single-agent
condition, ideal performance was observed for simulations
employing full extrapolation (prediction) and intermediate-
high anticipatory error correction. The benefits of temporal
prediction are consistent with a growing body of behavioral
results (e.g., Mills et al. 2015; Pecenka and Keller 2011;
Repp 2002) and, while anticipatory error correction is less
thoroughly examined, previous work with ADAM sug-
gests that versions of ADAM that include it account well
for observed behavior with tempo-changing sequences (van
der Steen et al. 2015a; van der Steen et al. 2015b).

There are two reasons why ideal performance coincides
with this combination of parameter settings. Firstly, the
anticipatory error correction parameter mediates the influ-
ence of the adaptation and anticipation modules on the
behavior of the model (van der Steen et al. 2015a). For full
anticipatory error correction, the response onsets produced
by the model are identical to predicted stimulus onsets pro-
duced by the anticipatory module. The drawback associated
with this parameter setting (in which the adaptation module
is silent) is that the model has no capacity to reactively cor-
rect for effects of local noise.

The second way in which intermediate levels of anticipa-
tory error correction contributes to ideal performance is by
compensating for systematic inaccuracies associated with
the anticipatory module. The anticipatory module provides
estimates of future stimulus onsets through either an inac-
curate tracking process (for tempo-changing sequences) or a
more accurate extrapolation process. Although the extrapo-
lation process provides relatively accurate estimates of the
inter-stimulus interval when tempo changes in a consistent
manner, extrapolation cannot provide accurate estimates
of stimulus onsets when the rate of change in the tempo
is altered, such as at turning points in the tempo-chang-
ing sequence. Thus, adopting an intermediate amount of
anticipatory error correction also ensures that errors in the

predicted stimulus onsets can be compensated for by reactive
error correction mechanisms. In psychological terms, this
amounts to the partial integration of information in internal
models of ‘self” and ‘other’ (Keller et al. 2016). In musical
contexts, balancing self-other integration and segregation
may be optimal to the extent that it allows co-performers
to monitor the joint action outcome while maintaining a
distinction between self and other, which enables each per-
former to retain autonomous control of their own movements
(Keller et al. 2014; Novembre et al. 2016).

The results of the dual-agent simulations also provide new
insights into the importance of the anticipation and the joint
modules in rhythmic forms of joint action. Neither the pre-
diction/tracking weight nor anticipatory error correction was
necessary in the simulations where both agents employed the
same tempo-changing performance template. Instead, the
anticipation and joint modules only played a role in produc-
ing ideal performance when the agent implementing a steady
tempo template attempted to produce the tempo-changing
template implemented by their interaction partner. Since it
is assumed that adaptation and anticipation provide input
for self and other internal models, these results are consist-
ent with the notion that shared representations modulate the
relative focus on self and other in joint action contexts (Kel-
ler et al. 2016). In musical situations where co-performers
possess a shared representation of an interaction goal, such
as when playing a well-practiced piece of ensemble music
(Ragert et al. 2013; Novembre et al. 2016), presumably little
attention needs to be directed to other individual’s perfor-
mance and more attention can be directed to technical and
expressive aspects of one’s own performance. In situations
where shared representations are less likely, as in musical
improvizations where novel melodic and rhythmic material
is created on the fly, co-performers may rely more on online
anticipatory processes, and hence an increased focus on each
other’s performance, in order to integrate predictions about
others’ upcoming actions with one’s own action plans.

Finally, the single-agent simulations revealed an impor-
tant limiting case when applying ADAM to data collected
from stimulus sequences comprising isochronous intervals.
Under steady tempo conditions, the anticipatory error cor-
rection parameter was shown to produce identical time-
resolved behavior as the phase correction parameter, indi-
cating overparameterization and problems with parameter
separability and identifiability in this context. However,
overparameterization was only present in the steady tempo
conditions involving an isochronous sequence and was not
present in the steady tempo, dual-agent simulation where
anticipatory error correction was not identified as a neces-
sary parameter. This suggests that when used in laboratory
experiments where stimulus sequences are typically pro-
grammed to be completely isochronous, it is appropriate to
use only the traditional reactive error correction models to
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quantify the latent sensorimotor mechanisms employed by
participants. For sequences that contain tempo variations,
such as those found in naturalistic interactions (i.e., musical
performance), it is especially informative to compare the fit
produced by ADAM against simpler models employing only
reactive error correction (e.g., van der Steen et al. 2015a).

6.3 Implications

In addition to having a didactic role in illuminating ADAM’s
functional properties, the results of the present simulations
hold potential implications for basic and applied questions in
fields including cognitive neuroscience, psychology, music
pedagogy, neurology, and human—machine interaction.

Implications for cognitive neuroscience and psychology
derive from the possibility to estimate parameters related
to each ADAM module from the behavior of human par-
ticipants. With regard to cognitive neuroscience, identifying
the network of brain regions associated with each ADAM
module, and analyzing patterns of functional connectivity
between these networks, will advance our understanding of
the neural bases of sensorimotor and cognitive skills that
enable precise yet flexible interpersonal coordination. With
regard to psychology, the ways in which ADAM’s adapta-
tion, anticipation, and joint modules interact can poten-
tially inform our understanding the sources of individual
differences in sensorimotor synchronization skill. Previous
work has identified links between different dimensions of
personality and processes instantiated in ADAM’s adapta-
tion and anticipation modules (Fairhurst et al. 2014; Kel-
ler et al. 2014; Novembre et al. 2014; Pecenka and Kel-
ler 2011). Examining how the interactions between these
modules, as revealed by the present simulations, are linked
to different combinations of personality traits may further
elucidate the factors that predispose individuals for leader or
follower roles. Identifying such predispositions could lead to
applied benefits in music pedagogy by allowing techniques
for developing ensemble performance skills to be tailored to
individuals (Keller 2013).

Implications for neurology and human—machine inter-
action stem from the possibility of using ADAM to drive
robots or virtual agents that function as synchronization
partners. Research and clinical practice in neurology has
demonstrated the effectiveness of music-based interven-
tions in the rehabilitation of motor dysfunctions associated
with conditions including stroke and Parkinson’s disease
(e.g., Hove et al. 2012; Thaut et al. 2015). There are, how-
ever, marked individual differences in responsiveness to
such interventions, for example, in the use of rhythmic
auditory stimulation to improve gait in patients with Par-
kinson’s disease (Dalla Bella et al. 2017). Using ADAM to
drive the auditory stimulation sequences may provide an
avenue for mitigating such individual differences. Indeed,
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a related study on Parkinsonian gait found that using an
adaptive auditory-pacing sequence coupled to patients’
footfalls improved stability and reinstated healthy gait
dynamics over-and-above conventional (non-adaptive)
rhythmic auditory stimulation (Hove et al. 2012). Imple-
menting the full complement of ADAM’s three-module
architecture may lead to further improvement. Moreo-
ver, such benefits may extend beyond clinical contexts
and apply more generally in the domain of real-time
human-machine interaction. For instance, preliminary
work has revealed that implementing ADAM’s adapta-
tion and anticipation modules improves the fluency of
human-robot teaming (Igbal et al. 2016).

Finally, a theoretical point can be made regarding the
potential hybridization of ADAM, a linear event-based
model, with nonlinear dynamical models of sensorimotor
synchronization (e.g., Dumas et al. 2014; Large et al. 2015;
Tognoli and Kelso 2014). While the event-based approach
adopted by ADAM seems appropriate for dealing with inten-
tional actions, such as producing a series of discrete musi-
cal tones, the continuous body movements involved in such
actions are likely best dealt with by the nonlinear dynami-
cal approach. Therefore, as proposed in our previous work
(MacRitchie et al. 2017; van der Steen and Keller 2013), we
believe that it would be fruitful in future research to combine
these classes of models using a hybrid architecture in which
discrete events in ADAM provide a scaffold of ‘anchor
points’ (Fink et al. 2000; Miyata et al. 2018) upon which
the dynamics of continuous movements are hung.

6.4 Conclusions

The present study illustrates the behavior of the adaptive
and anticipatory mechanisms employed by ADAM across
different tempo conditions (steady tempo, tempo change)
and interactive scenarios (single-agent, dual-agent) that are
typically observed in tasks that require precise, yet flexible,
sensorimotor synchronization (i.e., ensemble musical perfor-
mance). By examining the behavior of the model parameters
under single- and dual-agent conditions, the results enhance
our understanding of how reactive error correction and pre-
dictive processes interact with the degree to which the agents
possessed a shared representation of the temporal patterns
entailed in the joint performance. The simulation frame-
work outlined here promises to be a useful computational
approach to complement laboratory and naturalistic studies
to reveal the latent sensorimotor and cognitive mechanisms
that give rise to different interpersonal coordination strate-
gies that are negotiated by interacting agents.
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