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Abstract— As robots work with human teams, they will
be expected to fluently coordinate with them. While people
are adept at coordination and real-time adaptation, robots
still lack this skill. In this paper, we introduce TANDEM:
Temporal Anticipation and Adaptation for Machines, a series
of neurobiologically-inspired algorithms that enable robots to
fluently coordinate with people. TANDEM leverages a humanlike understanding of external and internal temporal changes
to facilitate coordination. We experimentally validated the
approach via a human-robot collaborative drumming task
across tempo-changing rhythmic conditions. We found that an
adaptation process alone enables a robot to achieve human-level
performance. Moreover, by combining anticipatory knowledge
along with an adaptation process, robots can potentially perform such tasks better than people. We hope this work will
enable researchers to create robots more sensitive to changes
in team dynamics.

I. I NTRODUCTION
Robots are entering daily life in a variety of roles, and
are working proximately with people [1–3]. For example,
robots are being used to provide physical and behavioral
healthcare, both in clinical and home care settings [4–7], to
help children with learning [8–10], to guide people in social
spaces [11–13], and to support work in factories [14–16].
The successes of many of these mixed-initiative teams
depend on how fluently and efficiently robots can interact and
coordinate with people [17, 18]. There are several mechanisms
robots can employ to achieve interactional fluency, defined
by Hoffman and Breazeal as the quality of achieving a high
level of mutual coordination and adaptation among agents
[19]. One way for robots to accomplish this is to observe how
people achieve fluency in groups, and use that knowledge to
anticipate the other team members’ future actions and take
necessary adaptive steps to interact effectively (see Fig. 1).
In groups, members create a state of interdependence,
where everyone’s outcomes are determined in part by actions
of other members [20]. One important aspect of successful
coordination is precise motor timing, and people employ
sensorimotor synchronization to achieve it [21]. This is the
temporal coordination of an action with events in a predictable
external rhythm, and is considered to be a fundamental
human skill [22]. People encounter many group interaction
scenarios during everyday activities, and are skilled at
performing sensorimotor synchronization even with sequences
that contain tempo changes, such as walking in groups in
varied speeds, moving objects with the help of other people,
dancing in a group, or rowing a boat with others.
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Fig. 1: Coordination phenomena observed in human-robot teams [30–32].

Many researchers in neuroscience and psychology have
investigated how people effectively time their coordinated
actions with others, especially in constantly changing environments [23–28]. Researchers have found two main concepts
that people employ during coordination with other external
rhythms: temporal adaptation and temporal anticipation
[23, 29]. People use temporal adaptation mechanisms to
compensate for temporal errors, which may occur while
synchronizing with an external rhythm due to biological
noises (i.e., the motor variance associated with central vs.
peripheral processing). Additionally, people employ temporal
anticipation to start their task early enough to coordinate
with the external event by extracting structural regularities in
rhythmic patterns [22].
While people can adaptively synchronize with others,
robots still do not know how to take advantage of these
concepts. If robots can achieve those skills, then it will be
possible for them to adapt rapidly to achieve fluent interaction
in teams. It will enable the creation of adaptable robots across
a range of fields, from socially assistive robots that help people
with social and cognitive disabilities, to physically assistive
robots that can enable older adults to perform their daily
tasks independently.
In this paper, we introduce a series of neurobiologicallyinspired algorithms, TANDEM: Temporal Anticipation and
Adaptation for Machines, which enable robots to fluently
coordinate with people in tempo-changing environments.
TANDEM is inspired by recent advancements in neuroscience
(Sect. III), specially designed to work on robots and support
human-robot teaming. We validated TANDEM by conducting
an experiment where two people drummed together synchronously, and a robot joined in by synchronously drumming
with them across three tempo-changing rhythmic conditions
(Sects. IV and V). The results (Sect. VI) suggest that a robot
can adapt to people in tempo-changing rhythmic conditions
at least as well as a person, and in some cases better, by
leveraging the approaches that people employ to interact
with others. TANDEM is computationally inexpensive and
sensitive to rhythmic changes in interaction patterns, and thus
suitable for real-time implementation on robots. It is both
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sensor agnostic and agnostic to group sizes, thus flexible to
extend to group interaction scenarios (Sect. VII).
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II. R ELATED W ORK
How people interact amongst themselves has inspired
researchers to build models for robots to interact fluently in
groups [33–41]. To make policies for robots, many approaches
take advantage of human demonstrations. Researchers use
these demonstrations as training data to develop models for
robots to perform action planning and generation in teams.
For example, to play music with people, Hoffman and Weinberg [42, 43] developed an autonomous, jazz-improvising
robot, which used a human-inspired anticipatory action plan
to play in real-time with people. By analyzing human-human
handovers, Kshirsagar et al. [44] identified four types of gaze
behaviors of a receiver and implemented the behaviors on a
robot to perform handover with a person. Their experimental
results suggest that when the robot exhibited human-like
behavior, participants considered the handover more likable,
anthropomorphic, and communicative of timing. Fitter et
al. [45, 46] developed a hand-clapping robot where users
can synchronously clap with it across various clapping
conditions. Their results suggest that when a robot made
human-like errors, they were more widely accepted than
mechanical errors.
To generate a robot’s collaborative policy, Nikolaidis et al.
[47] proposed a framework to cluster activities from human
demonstrations and to learn a reward function for a MOMDP
policy using inverse reinforcement learning. Inspired by
human-human coordination in groups, Iqbal et al. [48, 49]
developed a method to measure the degree of coordination in
a human-robot team and incorporated that into robots’ action
generation while working with people in a team.
Others have explored mechanisms of fluent coordination
by drawing inspiration from fields such as cognitive science,
neuroscience, psychology, and language [3, 50–59]. Many of
these investigations included human-human and human-agent
joint action scenarios, e.g., finger tapping, dancing, drumming.
For example, drawing inspiration from neuropsychological
principles of anticipation and perceptual simulation, Hoffman
et al. [19] developed a cognitive architecture for robots,
which they implemented on a mechanical robotic lamp,
enabling a high degree of fluent teaming. In the computational
neuroscience space, Van Der Steen et al. [22] introduced
ADAM, a computational model to explain how people
synchronize to an external, tempo-changing rhythm. Using
simulations and fitting models to human behavioral data, the
authors concluded that both adaptation and anticipation play
a significant role in human sensorimotor synchronization.
While many of the aforementioned approaches can characterize adaptation processes in human-human teams, they are
often developed to work on a consistent interaction pattern
and are not adaptable to scenarios where the interaction
pattern varies over time. Moreover, many of these methods
are intended to model human-human dyadic interaction and
are not suitable to extend the methods to model a human-robot
group interaction. This is a significant gap in the literature

Robot
Events
Perceived
Events

A’(n+1)

R(n)
S(n-1)

Sn

S(n+1)

Time

Fig. 2: An overview of TANDEM’s prediction methods. Solid orange and
blue circles present the perceived external event’s timing (Sn ) and performed
robot event (An ) at time step n, respectively. Rn presents the rhythm-keeper
at time step n. The dashed blue and orange circle present the predicted timing
of the event from the adaptation (A(n+1) ) and the anticipation algorithm
(S(n+1) ), respectively. The dashed green circle shows the predicted timing
0
from the dyadic adaptation and anticipation algorithm (A(n+1) ).

of building fluent human-robot teams. Our work addresses
this gap by proposing a series of algorithms, TANDEM.
III. T EMPORAL A NTICIPATION AND A DAPTATION FOR
M ACHINES (TANDEM)
Inspired by the processes that people employ during
coordination [21–23, 27, 29], this work aims to build adaptive
algorithms for robots to enable them to coordinate fluently
with people, both in dyads and in groups. Thus, we introduce
TANDEM, which contains four parts particularly designed
for robots: (1) an adaptation algorithm, by which a robot
adjusts its movement timings while synchronizing with an
external rhythm, (2) an anticipation algorithm, by which a
robot predicts the next external event timing, (3) a dyadic
adaptation and anticipation algorithm, which combines the
adaptation and anticipation algorithms to predict an action
timing, and (4) a group adaptation and anticipation algorithm,
which enables a robot to predict its action timing in a group
situation. We present the algorithms in Algos. 1-4 (see Fig. 2).
A. Adaptation Algorithm
People use temporal adaptation mechanisms to compensate
for their temporal errors that occur due to variability in
movement timings while synchronizing with an external
rhythm [27]. By employing these mechanisms, people adjust
their movements to better coordinate with the rhythm.
TANDEM’s anticipation algorithm draws inspiration from
human information processing [22, 29]. In this paradigm,
a robot requires a linear rhythm-keeper to model the error
correction process. First, the robot observes the activities
performed by other agents to understand the dynamics
(rhythmic tempo of actions) of the team. Based on that
observation, the robot can set the initial value of the rhythmkeeper variable.
The timing of the next robot action (A(n+1) ) is measured
based on the current robot action time (An ) and the rhythmkeeper (Rn ). The next robot action is computed by adding the
current action time and the current rhythm-keeper values, and
by subtracting the product of the most recent asynchrony
(async(n) ) measure and the phase correction parameter
(α). The asynchrony (async(n) ) is measured by taking the
difference between the timings of the recent action and the

Algorithm 1 Adaptation
Input: Action time (An ), Rhythm-keeper (Rn ), Phase correction (α), Period
correction (β), Asynchrony (asyncn )
Output: Next action time (A(n+1) ), Rhythm-keeper (R(n+1) )

1: A(n+1) ← A(n) + R(n) − α ∗ async(n) . next action time
2: R(n+1) ← R(n) − β ∗ async(n) . updated rhythm-keeper
3: return A(n+1) , R(n+1)

Algorithm 2 Anticipation
Input: External events (S(n−k−1) , . . . , S(n) ), Prediction-tracking ratio (φ)
Output: Next external event (S(n+1) )

1: P red(n+1) = a + b ∗ (n + 1)

. predicted time calculated from
(S(n−k−1) , . . . , S(n) ) by using linear-extrapolation; a and b are the yintercepts and the slope of the line best fitted on the inter-event intervals
2: T rack(n+1) ← S(n) − S(n−1) . tracking behavior
3: S(n+1) ← S(n) + (φ ∗ P red(n+1) + (1 − φ) ∗ T rack(n+1) )
4: return S(n+1) . anticipated time of an external event

perceived rhythmic signal (Algo. 1, Line 1). The rhythmkeeper value is also updated (using a period correction
parameter (β)) to compensate for the asynchrony (async(n) )
(Algo. 1, Line 2). The adaptation algorithm reflects the robot’s
internal model and only corrects the timing of the next action
based on its perceived asynchrony from the rhythmic signal.
B. Anticipation Algorithm
When synchronizing with an external rhythm, people
predict the timing of a future event so that they can start
their task early enough to facilitate coordination. During this
process, the brain extracts structural regularities in rhythmic
patterns and utilizes those patterns for prediction [22, 60].
TANDEM’s anticipation algorithm draws inspiration from
human event prediction processes [22, 29]. Through this
process, a robot generates a prediction about the next external
event timing so that it can generate an action to coincide with
that rhythmic signal. Thus, the robot considers the predictions
made by the anticipation algorithm as an external model.
First, a predicted timing of a future event (P red(n+1) )
is calculated by using a linear-extrapolation. This linearextrapolation operation is performed on the k previous interevent intervals of perceived events (Algo. 2, Line 1).
Further, the interval between the current and previous events
is computed as a tracked timing (T rack(n+1) ) (Algo. 2, Line
2). Now, combining the tracked and the predicted timings, a
robot can anticipate the future timing of an event (Algo. 2,
Line 3). Here, φ represents the prediction-tracking ratio. If
φ = 0, then the anticipation is based only on the tracked
timing. On the other hand, if φ = 1, then the anticipated
event timing is entirely based on the predicted timing.
C. Dyadic Adaptation and Anticipation Algorithm
Using anticipation and adaptation processes, the human
brain generates two predicted timings for a future event [29].
The person then combines these to produce a single prediction
about the next event’s timing. Similarly, TANDEM’s dyadic
adaptation and anticipation algorithm combines the predictions from Algos. 1 and 2 to predict a future event timing.
Through this process, a robot first measures the asynchrony
between the predictions from the adaptation (internal model)
and the anticipation (external model) algorithms (Algo. 3,
Lines 1-3). The robot then computes the next action time

Algorithm 3 Dyadic Adaptation and Anticipation
Input: Action time (An ), Rhythm-keeper (R), External events (S), Phase
correction (α), Period correction (β), Prediction-tracking ratio (φ), Anticipatory
correction gain (γ)
Output: Next action time (A(n+1) ), Rhythm-keeper (R(n+1) )

1:
2:
3:
4:
5:
6:

async(n) ← A(n) − S(n) . perceived asynchrony
A(n+1) , R(n+1) ← A DAPTATION(An , Rn , asyncn , α, β)
S(n+1) ← A NTICIPATION((S(n−k−1) , . . . , S(n) ), φ)
async0(n+1) ← A(n+1) − S(n+1) . aynchrony in predictions
A(n+1) ← A(n+1) − γ ∗ async0(n+1) . predicted next action time
return A(n+1) , R(n+1)

Algorithm 4 Group Adaptation and Anticipation
Input: Action time (An ), Rhythm-keeper (R[1], . . . , R[H]), External events
(S[1], . . . , s[H]), Phase correction (α), Period correction (β), Prediction-tracking
ratio (φ), Anticipatory correction gain (γ), Number of external rhythms (H)
Output: Next action time (A(n+1) ), Rhythm-keeper (R[1], . . . , R[H])

1: T A(n+1) ← 0
2: async0(n+1) ← 0
3: for i ← 1 : H do
4:
async[i](n) ← A(n) − S[i](n) . perceived asynchrony
5:
A[i]n+1 , R[i](n+1) ← A DAPTATION(An , R[i]n , async[i](n) , α, β)
6:
S[i](n+1) ← A NTICIPATION((S[i](n−k−1) , . . . , S[i](n) ), φ)
7:
async0(n+1) ← async0(n+1) + A[i]n+1 − S[i](n+1)
8:
T A(n+1) ← T A(n+1) + A[i](n+1)
9: T A(n+1) ← T A(n+1) /H
10: async0(n+1) ← async0(n+1) /H
11: A(n+1) ← T A(n+1) − γ ∗ async0(n+1) . predicted next action time
12: return A(n+1) , (R[1], . . . , R[H])

(A(n+1) ) by adding this asynchrony with the error corrected
time (adaptation) of the event (Algo. 3, Line 4), which
combines the robot’s internal and external models. Here,
γ represents the anticipatory correction gain.
D. Group Adaptation and Anticipation Algorithm
Beyond human-robot dyads, a robot may encounter multiple
rhythmic signals in a group setting. For example, if a robot is
performing a rhythmic coordination task along with people,
such as working with multiple people in a factory who
are working at slightly different speeds, it will perceive
mixed rhythmic signals based on how each person performs
his/her actions. TANDEM’s group adaptation and anticipation
algorithm enables a robot to adapt to multiple rhythmic signals
and maintain coordinatation with the rest of the group.
Suppose that a robot perceives H separate rhythmic signals,
where each of these signals are the timing of the actions
performed by each human. The robot keeps a separate rhythmkeeper for each rhythmic signal. The robot updates its internal
model for each rhythmic signal (Algo. 4, Line 5). Then, by
combining the action times of all H external rhythms, the
next adapted action time is calculated (Algo. 4, Line 9).
Additionally, a robot generates an external model for each
perceived signal. Thus, a robot needs a total of H external
models, each of which can anticipate the next event timing
using the process described in Sect. III-B (Algo. 4, Line 6).
We can measure the asynchrony between the action time
received from the adaptation algorithm and the times received
from the anticipation algorithm for H external rhythms, by
taking a similar approach described in Sect. III-C (Algo. 4,
Line 7). Thus, we can combine the timings from the robot’s
internal and external models together to compute the next
robot action time (A(n+1) ) (Algo. 4, Line 11).

Another approach to combine multiple rhythmic signals is
to take a weighted average of the asynchronies (the internal
model) or of the anticipated timings of each signal (the
external model) based on how synchronous they were in
previous events. Their stability score can represent these
weights, measured by their standard deviation of inter-event
intervals. A robot may choose to put more weight on the
timings of the person who has exhibited more stable rhythm
than a person who has shown abrupt actions.
IV. I MPLEMENTATION
As our work employs neurobiologically-inspired mechanisms to support human robot teaming, it is important to
compare the performance of TANDEM to the performance
of people in similar conditions. Moreover, it is essential to
test whether a robot can achieve human-level performance
by employing TANDEM, because if a robot can accomplish
that, then the human team members need to put less effort to
adapt to that robot to attain interactional fluency. Furthermore,
although there are other approaches to generate beat sequences
for robots, they are not suitable for comparison as they do
not handle temporal variations, which is a crucial aspect of
achieving fluent interaction in teams. To explore this, we
implemented the first three parts of TANDEM (Alogs. 1-3)
to enable a robot to perform synchronous actions with people.
We plan to validate the group adaptation and anticipation
algorithm (Algo. 4) in a future experiment.
A. Experimental Testbed
As an experimental testbed, we designed a human-robot
synchronous drumming scenario. In this scenario, two people
drum together synchronously, and a robot observes the
participants and joins by drumming with them synchronously.
During an experimental trial, two people stood near two tables,
and a barrier visually blocked them (see Fig. 3-Left). e.g.,
participant could not see one another or the robot drumming.
We designed our experiment such that all members of the
team had to use similar sensing modalities while coordinating
with others. Thus, in this experiment, all the participants only
relied on an audible signal to perceive the rhythm, and the
robot solely relied on a piezoelectric sensor as a proxy of
the acoustic signal. All participants wore sound-blocking
headphones, which reduced the outside noise and helped
participants concentrate on their primary rhythm.
During an experiment, Person 1 (P1) listened to an external
rhythm through his/her headphones (a metronomic signal). P1
was instructed to follow that rhythm and drum on the beats.
We placed a microphone underneath P1’s drum, which was
directly connected to Person 2’s (P2) headphones. P2 was
instructed to drum synchronously with P1, only by listening
to the drumming of P1 through their headphones. At the
same time, a robot detected the drumming events of P1 from
sensors attached to P1’s drum, and drummed synchronously
by employing the algorithms described in Sect. III.
B. Drumming Robot and Drumming Activity Detection
We built a robot capable of drumming with a human group
(see Fig. 3-Right), which can move a drumstick at a rate of

Fig. 3: Left) The experimental setup, where the participants and robot
were situated separately. Participants wore sound-blocking headphones.
Person 1 (P1) listened to an external tempo, Person 2 (P2) listened to
audio of P1’s drumming, and the robot “listened” to P1’s drum hits via a
piezoelectric sensor. Right) A prototype of the drumming robot and schematic
diagram of the different ROS nodes of the system. The arrows denote the
connectivity and the message passing directions.

4-5 Hz to hit a drum. This rate is very close to how fast an
average person (non-drummer) generally can drum (at 5-7 Hz
[61]). Thus, this robot was well-suited to our experiment. The
robotic arm (the drumstick) was attached to a servo, which
was connected to an Arduino Mega and a Renbotic Servo
Shield. All the devices were controlled using ROS.
To track the human and robot drumming events precisely,
we attached a piezoelectric sensor under each drum head,
which were attached to an Arduino microcontroller. Whenever
the participants or the robot hit a drum head, the corresponding Arduino ROS node generated a hit event instantaneously.
C. Robot Action Adaptation
After receiving the events from the drums, the AlgoN ode
generated the next action time for the robot by utilizing the
prediction algorithms. However, the robot needed to start
early to perform the hit on the drum head exactly on time.
We define this early start time as earlyStartTime (et).
For example, suppose a robot needs to hit the drum at time
A(n+1) predicted by our algorithms (in the AlgoN ode). The
ArduinoN ode starts the drumming action at time A(n+1) −et.
Due to physical noise, the robotic arm may hit the drum a
little earlier or later than A(n+1) . Suppose that the robotic
arm hits the drum at time A(hit) . We update et as a first
order autoregressive variable based on the difference between
A(n+1) and A(hit) , and a movement alignment factor f . Thus,
et(i+1) = eti + f ∗ (A(n+1) − Ahit ).
V. E XPERIMENTS
We performed a 3 x 3, within-subjects study to explore
our research goals. We used three different algorithms for
the robot to drum with people in three tempo-changing
rhythmic signals.
A. Rhythms
We used three rhythmic tempos for this experiment. Each
rhythm had 76 beats in total. Each metronome beat lasted
for 5 ms. The first rhythm was a uniform tempo of 80 beats
per minute (BPM), and lasted for 76 beats (Fig. 4).
The second rhythm started with a tempo of 80 BPM for
the first 20 beats. It slowed down gradually (ritardando)
starting from the 21st beat for next 24 beats to reach 60 BPM.
After reaching 60 BPM, the tempo sped up (accelerando)
from the 45th beat for 24 beats to reach 80 BPM again. The
rhythm then ended at 80 BPM for the last 8 beats.

TABLE I: Presents differences in effects for all nine experimental conditions.
We subtracted the effect of the control condition (dt(P 1, P 2)) from the
experimental condition (dt(P 1, R)). Thus, negative mean values indicate
that the robot drummed closer to P 1’s drumming events compared to the
human participant (P 2). These values are represented in ms.
dt(P1 , R) - dt(P1 , P2)

Fig. 4: Three tempo conditions. A) Uniform tempo condition, B) Single
tempo change condition, and C) Double tempo change condition.

The third rhythm also had a similar tempo change like
rhythm 2. It started with a tempo of 80 BPM. However, this
rhythm had two ritardando and accelerando phases. Each
phase lasted for 12 beats and the tempo changed from 80
BPM to 60 BPM and returned to 80 BPM again.
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Rhythms

Mean

s.d.

95% CI
Lower

Upper

Uniform Tempo

-4.82

12.92

-11.70

2.07

Single Tempo

-9.74

25.59

-23.38

3.89

Double Tempo

80.62

316.78

-88.17

249.43

Uniform Tempo

-8.09

6.86

-11.75

-4.43

Single Tempo

-14.47

28.53

-29.68

0.73

Double Tempo

-58.04

213.78

-171.96

55.87

Uniform Tempo

-10.26

10.79

-16.01

-4.51

Single Tempo

-18.47

25.18

-31.89

-5.06

Double Tempo

111.26

464.64

-136.33

358.85

After giving informed consent, both participants were
instructed about the experimental procedures. The participants
then had time to practice the drumming session as a group.
During the practice session, the robot did not participate.
The main experiment was performed in two sessions. In
the first session, one person acted as P1, and the other person
acted as P2 for all nine experimental conditions. In the second
session, these experimental conditions were repeated once
more, with each of the participants swapping roles. P1 was
instructed to listen to the first four beats of the rhythm to
perceive the tempo and to start drumming from the fifth beat.
The experimental conditions were counter-balanced.
We recruited a total of eight groups (16 participants
in total, four women and twelve men) via word-of-mouth.
Their average age was 24 years (s.d. = 2.38 years). Only
three participants had prior drumming experience of two
years; thirteen did not have any drumming experience. The
experiments per group took about 40-50 minutes, and each
participant was compensated with a $5 gift card.

unacceptably worse than an active treatment that is already in
use [62–65]. In our work, we performed a non-inferiority trial
to investigate whether the robot’s performance is not inferior
to a person. A non-inferiority trial allows a limit on the
amount an experimental condition is permitted to be inferior
to a control condition while guaranteeing a similar benefit
and efficacy from the control condition. This limit is called
a non-inferiority margin (δ). If an experimental condition is
within the non-inferiority margin of the control condition, then
the experimental condition is considered as non-inferior (as
good) to the control condition and as beneficial as the control
condition [62, 64]. First, the difference between the effect
of the experimental and the control condition is calculated.
Then from the distribution of these values (i.e., 2-sided 95%
confidence intervals), the non-inferiority is tested. The results
from non-inferiority trials indicate whether the experimental
condition is superior (better), non-inferior (as good), inferior
(worse), or inconclusive, compared to the control condition.

C. Experimental Conditions

B. Data Processing

During the experiments, we used a phase correction
parameter (α) = 0.8, a period correction parameter (β) = 0.5,
an anticipation parameter (k) = 3, a prediction-tracking ratio
(φ) = 0.8, and an anticipatory correction gain (γ) = 0.4. The
parameter values were selected based on the recommendation
by Van Der Steen el al. [29] and from pilot experiments. From
pilot experiments, we found f = 0.2 as the optimal value
for our setup, and the robot needed approximately 70 ms to
perform a drumming action. Thus, we initialized the et = 70.

We only considered the events that occurred from the
18th to the 76th beat of the metronome signal (a total of
59 beats), as the robot began performing using different
algorithms starting from the 18th beat based on experimental
conditions. We then calculated the timing of all drumming
events performed by P1, P2 and the robot (R). For example,
for a single drumming event e, we calculated the timing
of the event performed by P1 and P2, and the robot
respectively as t(P 1, e), t(P 2, e), and t(R, e). Then, we
measured the absolute difference between the timing of
each event performed by P 1 and P 2, and P 1 and R, and
averaged it over each session. For example, if a session
has a total of a E number of drumming events, where
e ∈ E, then we P
measured the mean difference of timings
E
e=1 abs(t(P 1,e)−t(P 2,e))
(dt(P
1,
P
2)
=
and dt(P 1, R) =
E
P

VI. DATA A NALYSIS AND R ESULTS
To compare the performance of the algorithms, we first
measured how closely the robot (R) drummed to P1. We also
measured how closely P2 drummed to P1. Then we performed
a non-inferiority trial on these two measures (See Sect. VIA), which enabled us to investigate whether the robot’s
performance was at least as good as the human performance.

E
e=1

abs(t(P 1,e)−t(R,e))
),
E

and performed a non-inferiority

trial over those values.
A. Analysis Method
Non-inferiority trials are a widely used analysis technique,
frequently used in the health sciences. Non-inferiority trials
are usually used to test whether a new treatment is not

C. Results
We considered the time difference between P 1 and P 2
as the control condition, and the time difference between

P 1 and R as the experimental condition. Thus, a negative
value of dt(P 1, R) − dt(P 1, P 2) represents that the robot
performed that drumming event closer to P 1 in time than
P 2. On the other hand, a positive value represents that P 2
performed it closer to P 1 in time than the robot.
To perform a non-inferiority trial, we choose a noninferiority margin δ = 70 ms. We choose this value for
δ, as this is an approximate time that our robot takes to hit
the drum head after receiving a command. If we choose a
value larger than this, then a reactive robot (which can react
and can start drumming after listening to a person hit) would
be better than our algorithms. On the other hand, being closer
than this margin indicates that the algorithms are better than
by chance (reactive controls).
We show the results on the non-inferiority test in Table I.
We present dt(P 1, R) − dt(P 1, P 2) for all our experimental
conditions. We also present the 95% confidence interval of
dt(P 1, R) − dt(P 1, P 2) in last two columns of Table I.
Tables I and II indicates that for the uniform tempochanging condition, the anticipation algorithm was noninferior (as good) (95 % CI, −11.70 to 2.07), the adaptation
algorithm was superior (better) (95% CI, −11.75 to −4.43)
and the dyadic algorithm was superior (better) to the control
condition (95% CI, −16.01 to −4.51). This means that the
robot achieved human-level performance using the adaptation
algorithm, and was better than people when the adaptation
and the dyadic algorithms were used in the uniform tempochanging condition.
For the single tempo-changing condition, the anticipation
algorithm was non-inferior (as good) (95% CI, −23.38 to
3.89), the adaptation algorithm was non-inferior (as good) (95
% CI, −29.68 to 0.73) and the dyadic algorithm was superior
(better) to the control condition (95% CI, −31.89 to −5.06).
This means that the robot achieved human-level performance
using the adaptation and the anticipation algorithms, and was
better than people when using the dyadic algorithm.
For the double tempo-changing condition, the performance
of the anticipation algorithm and the DA3 were inconclusive
compared to the control condition (Anticipation: 95% CI,
−88.17 to 249.43, and DA3: 95% CI, −136.33 to 358.85).
However, the adaptation algorithm was non-inferior (as good)
to the control condition (95% CI, −171.96 to 55.87). This
means that the robot achieved human-level performance
using the adaptation algorithm in the double tempo-changing
condition, but we cannot draw any conclusions about the
anticipation algorithm or the dyadic algorithm.
VII. D ISCUSSION
The main contribution of this work is the introduction of
TANDEM, a suite of neurobiologically-inspired algorithms
that specifically designed for robots to support fluent humanrobot coordination in groups. The results of our human-robot
validation study indicate that TANDEM enables a robot to
adapt to tempo-changing rhythmic conditions at least as well
as an average person and in some cases to perform even better.
Overall, our experimental results suggest that the adaptation
algorithm alone enables a robot to achieve human-level

TABLE II: Summary of findings from the experiments. Here, each value
represents whether the robot performed better (marked in blue), as good
(marked in green), or worse than the human. The inconclusive value indicates
neither the robot nor the human performed better than one another. The
non-inferiority margin (δ) was 70 ms.

Robot

Rhythms

Algorithms

Single Tempo

Uniform Tempo

Double Tempo

Change

Change

Anticipation

As good

As good

Inconclusive

Adaptation

Better

As good

As good

Dyadic

Better

Better

Inconclusive

performance in the task of synchronously drumming with
another person only through the use of auditory cues. Furthermore, by combining anticipatory knowledge (the anticipation
algorithm), along with an adaptation process (the combined
dyadic algorithm), a robot can perform even better than people
in uniform and single tempo-changing conditions.
In this paper, we focused on synchronous teaming conditions; however, this approach is flexible in applying to
non-synchronous situations. For example, many human-robot
teams working in factory settings have specific activity
sequences to perform, which might be independent and
might not have to happen synchronously. In such time-varied
collaborative tasks, these proposed methods are applicable.
Although the anticipation algorithm was non-inferior and
the combined dyadic algorithm was superior to human
performers during the uniform and single tempo-changing
conditions, we cannot draw the same conclusion for the
double tempo-changing conditions. This may be because the
anticipation algorithm uses linear extrapolation to calculate
future event timings, which may be insufficient to perform
correct prediction when the tempo changes very quickly, as
it did in the double tempo-changing conditions. For example,
the ritardando and the accelerando phases occurred twice
as quickly in the double tempo-changing conditions (lasting
only for 12 beats) than the single tempo-changing conditions
(lasted for 24 beats).
In the future, we plan to explore the effects of the combined
group algorithm (described in Sect. III-D) in a group context.
This exploration will provide an opportunity to investigate
many dimensions of the problem, such as how a robot can
anticipate and adapt to multiple external rhythms and how
other group members can adapt to a robot’s actions in teams.
We hope this work will enable the next generation of
assistive robots that help people with cognitive and physical
disabilities. For example, a assistive robot, which acts as a
skilled practice partner for people with cognitive impairments,
can predict its interactional partners’ verbal and non-verbal
behaviors and adjust its actions to ensure fluent coordination.
Humans have a unique ability to coordinate with others.
How people coordinate with others can yield significant insights for developing algorithms for robots to work in teams.
The methods described in this paper are a step toward
building fluent human-robot teams and may help the robotics
community explore new human-team-inspired approaches in
the future.
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