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Abstract As robots start to work alongside people, they are expected to coordi-
nate fluently with humans in teams. Many researchers have explored the problems
involved in building more interactive and cooperative robots. In this chapter, we
discuss recent work and the main application areas in human-robot teaming. We
also shed light on some practical challenges to achieving fluent human-robot co-
ordination, and conclude the chapter with future directions for approaching these
problems.
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1 Introduction

As robots are becoming more ubiquitous, they will be expected to interact with
people in a range of settings, from dyads to groups. To be effective and functional
teammates, robots need the ability to perceive and understand the activities per-
formed by other group members. For example, if a robot can interpret various ac-
tions performed by people around it during a social event, then it can make efficient
decisions about its own actions. However, it is difficult to automatically perceive
and understand all the different tasks people engage in to make effective decisions
as a teammate.

If a robot could make better sense of how humans interact among themselves in
a group, its interactions with humans would reach a higher level of coordination,
resulting in a fluent meshing of actions [66, 28, 14, 16, 30, 58, 26]. When two
or more agents work together, Hoffman and Breazeal [16] defined fluency as the
quality of achieving a high level of mutual coordination and adaptation. This quality

Tariq Iqbal and Laurel D. Riek
University of California San Diego, La Jolla, CA, USA, e-mail: tiqbal,lriek@eng.ucsd.edu

1



2 Tariq Iqbal and Laurel D. Riek

is particularly important when the agents are well-accustomed to the task and to each
other.

This chapter discusses the existing methods and applications of human-robot in-
teraction (HRI) in cooperative tasks. In many of these situations, robots are expected
to work with people to achieve a common goal through the process of human-robot
joint action. Thus, we start this chapter by giving a brief introduction to joint action,
both in the context of human-human and human-robot joint action. We then summa-
rize recent applications of human-robot cooperative interaction from the literature.
Finally, we conclude the chapter by briefly presenting the challenges to realizing ef-
fective human-robot coordination with respect to hardware, software, and usability.

2 Background

2.1 Approaches from Cognitive Science to Model Joint Action

When a person acts alone, their behavior is very different than when they coordinate
in a group [33]. When two or more persons coordinate in a group, it is important to
understand the different ways they can interact among themselves and generate suit-
able interactive behaviors [31]. Many researchers from the fields of psychology and
cognitive science investigate the underlying mechanisms of a joint action task. This
includes how people interact together, how they understand the intention of other
individuals, and how they coordinate together to perform a joint action. Curioni et
al. [8] presented a detailed review of joint action in human teams.

Sebanz defined joint action as a form of social interaction where two or more
participants coordinate their actions in space and time while making changes to their
environment [71, 34]. Sebanz et al. described three important parts in a successful
performance of a joint action task [70]. The first part makes a prediction about the
intention of other interactional partners. The second involves understanding when
to perform the actions jointly, as this is very important for temporal coordination.
The last part involves understanding where and how to perform the joint action. The
authors described these as the “what”, “when”, and “where” components of joint
action.

Vesper et al. [81] suggested an architecture for joint action which focuses on
planning, action monitoring, and action prediction processes, and ways of simplify-
ing coordination. This architecture described minimal requirements for an individ-
ual agent to engage in a joint action. This architecture aims to fill the gap between
the approaches that focus on language and propositional attitudes, and dynamical
system approaches.

Many researchers have explored the underlying mechanisms that people may
employ to perform a successful joint action task [46]. To perform joint actions suc-
cessfully in a group, each individual needs to integrate self-behavior with a predic-
tion about others’ behavior simultaneously [51]. For example, Novembre et al. [51]
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investigated whether this integration process of self and other-related behavior is
underpinned by a neural process associated with motor simulation. They explored
this through a music performance experiment. Their results suggested that motor
simulation underpins temporal coordination during joint actions.

Other researchers took a group-perspective approach to model a successful joint
action. For example, Valdesolo et al. [79] investigated whether a coordinated action
in a group has any influence on the ability of the group members to pursue a joint
goal together. Their results suggested that a person’s ability to rocking in synchrony
enhanced that person’s perceptual sensitivity to the motion of other group members.
The ability to be synchronous with others resulted in an increase of their success in
a joint action task.

Slowiński et al. [75] explored whether coordination between two people per-
forming a joint action task is higher when they exhibit similar motion features. To
explore this, they proposed an index of motion variability, called individual motor
signature (IMS), to capture the subtle differences of human movements. They in-
vestigated the validity of this index via a mirror game. Their results suggested that
when two people shared a similar IMS value, the synchronization level was higher.

2.2 Dynamical Modeling of Groups

In this subsection, we discuss the contrasting perspective, which is more bottom
up and non-linear, and explores coordination dynamics as a mechanism for real-
izing joint action. In group interactions, the activities of each member continually
influence the activities of other group members. Most groups create a state of inter-
dependence, where each member’s outcomes and actions are determined in part by
other members of the group [10]. This process of influence can result in coordinated
group activity over time.

Many disciplines have approached the problem of how to assess coordination in a
system. These include: robotics, physics, neuroscience, psychology, dance, and mu-
sic. Many of these techniques take a bottom-up approach, which first try to measure
the low-level signals, and then build a high-level behavior from the low-level sig-
nals [30, 23, 43, 24]. These low-level signals can include physical motion features,
physiological features (e.g., heart rate), eye gaze behavior, or activity features. High-
level behaviors, such as coordination within a group, are then inferred from these
low-level signals.

For example, Richardson et al. [60] proposed a method to assess group synchrony
by analyzing the phase synchronization of rocking chair movements. A group of
six participants rocked in their chairs with their eyes either open or closed, and
they used a cluster-phase method to quantify phase synchronization. Their results
suggested that their group level synchrony measure could successfully distinguish
between synchronous and asynchronous conditions. Similarly, Néda et al. [45] in-
vestigated the development of synchronized clapping in a naturalistic environment.
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They quantitatively described the phenomena of how asynchronous group applause
starts suddenly and transforms into synchronized clapping.

Coordination among explicit and implicit behaviors has also been explored in
human-human interaction. Varni et al. [80] presented a system for real-time analy-
sis of nonverbal, affective social interaction in a small group. In their study, several
pairs of violin players performed while conveying four different emotions. The au-
thors then used recurrence quantification analysis to measure the synchronization of
the performers’ affective behavior. In follow-on work, the researchers developed a
system capable of analyzing the interaction patterns in a group of dancers.

Konvalinka et al. [36] explored coordination among implicit physiological sig-
nals and performed a study to measure the synchronous arousal between performers
and observers during a Spanish fire-walking ritual. This synchronous arousal was
derived from heart rate dynamics of the active participants and the audience.

Taking a non-linear, dynamical systems approach, Iqbal and Riek developed a
method to measure the degree of synchronous joint action in a group [21, 23, 28,
25, 30]. Their method takes multiple types of task level events into account while
measuring the synchronization. This method can work on multiple types of hetero-
geneous events and can measure asynchronous situation in a group, in contrast to
most other methods from the literature which only take a single type of event into
account. The authors validated their method by applying it to both human-human
and human-robot teaming scenarios. Their results suggested that the method can
successfully measure the degree of coordination in a group which matches the col-
lective perception of group members. Extending this work, the authors designed a
new approach to enable robots to perceive human group behavior in real-time, an-
ticipate future actions, and synthesize their own motion accordingly (see Fig. 1)
[30, 25].

Lorenz et al. [40] also investigated movement coordination in human-human and
human-robot teams. Their study involved both a human-human and human-robot
dyad tapping on two positions on a table at certain times. The authors explored
whether goal-directed, but unintentional coordination of movements occurred dur-
ing these interactions. Their results suggest that humans synchronized their move-
ments with the movements of the robots.

3 Recent Applications

As robots are increasing working with people, they need to perform joint actions
with people efficiently. To achieve this, many of the aforementioned approaches
have been employed in human-robot teams. This section will outline four main ap-
plication areas where robots cooperatively perform joint action tasks with humans.
We summarize the approaches used in these areas in Table 1 at the end of this sec-
tion.
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Fig. 1 People and robots are engaged in cooperative tasks (from [40, 30])

3.1 Proximate Human-Robot Teaming

In many interactions, robots and humans need to share a common physical space
to interact. Various methods are employed on robots to work efficiently in close
proximities by avoiding collisions, such as models from a human demonstration,
anticipatory action planning, etc. [77].

To build policies for robots to share a space with humans, many approaches in
the literature first built models from human demonstrations. After training, robots
then use these trained models to collaborate with people. For example, Ben Amor
et al. [2] collected human motion trajectories as Dynamic Movement Primitives
(DMP) from a human-human task. After that, the authors used dynamic time warp-
ing to estimate the robot’s DMP parameters. Using these parameters, they modelled
human-robot joint physical activities using a new representation, called Interaction
Primitives (IP). Their experimental results suggested that a robot successfully com-
pleted a joint physical task with a person when IPs were used.

Nikolaidis et al. [49] proposed a two-phase framework to fit a robot’s collabora-
tive policy to fit with a human collaborator. They first grouped the human activities
into clusters and then learned a reward function for each cluster using an inverse
reinforcement learning. This learned model was incorporated with a Mixed Ob-
servability Markov Decision Process (MOMDP) policy with the human type as the
partially observable variable. After that, they used this model for a robot to infer the
human type and to generate the appropriate policies.

Many researchers try to achieve successful human-robot collaboration in a shared
space by modeling human activities and use that knowledge as an input to a robot’s
anticipatory action planning mechanism [77]. This approach enables robots to gen-
erate movement strategies to efficiently collaborate with people.

For instance, Hoffman and Weinberg [19, 18] developed an autonomous robotic
jazz-improvising robot, Simon, which played the marimba (see Fig. 2). To play in
real-time with a person, the robot needed an anticipatory action plan. The authors
divided the actions into preparation and follow-through steps. Based on the antici-
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patory plans, their robot could simultaneously perform and react to shared activities
with people.

Koppula et al. [37] also developed a method to anticipate a person’s future ac-
tions. Anticipated actions were then used to plan appropriate actions for a robot to
perform collaborative tasks in a shared environment. In their method, they model
humans through low-level kinematics and high-level intent, as well as using con-
textual information. Then, they modeled the human’s and robot’s behavior through
a Markov Decision Process (MDP). Their results suggested that this approach per-
formed better than various baseline methods for collaborative planning.

Mainprice and Berenson [41] presented a framework to allow a human and
a robot to perform a manipulation task together in close proximity. This frame-
work used early prediction of the human motion to generate a prediction of human
workspace occupancy. Then, they used a motion planner to generate robot trajec-
tories by minimizing a penetration cost in the human workspace occupancy. They
validated their framework via simulation of a human-robot collaboration scenario.

Along these lines, Pérez-D’Arpino et al. [55] proposed a data-driven approach
which used human motions to predict a target during a reaching-motion task. Un-
helkar et al. [78] extended this concept for a human-robot co-navigation task. This
model used “human turn signals” during walking as anticipatory indicators of hu-
man motion. These indicators were then used to plan motion trajectories for a robot.

3.2 Human-Robot Handovers

A particular kind of activity often conducted in the proximate human-robot inter-
action space is a handover. It is an active application space in robotics research
[77]. Most of the work on handovers focuses on designing algorithms for robots to
successfully hand objects to people, as well as receive objects from them. The re-
searchers working in this area use many methods to achieve their goals, including:
nonverbal signal analysis, human-human handover models, and legible trajectory
analysis.

Many researchers used non-verbal signals of people to facilitate fluent object
handover during human-robot interaction [77]. These signals included eye gaze,
body pose, head orientation, etc. For example, Shi et al. [74] focused on building
a model for a robot to handover leaflets in a public space, looking specifically at
the relationship between gaze, arm extension, and approach. They used a pedestrian
detector in their implementation on a small humanoid robot. Their results showed
that pedestrians accepted more leaflets from the robot when their approach was em-
ployed than another state of the art approach.

Similarly, Grigore et al. [11] demonstrated that the integration of an understand-
ing of joint action into human-robot interaction can significantly improve the suc-
cess rate of robot-to-human handover tasks. The authors introduced a higher-level
cognitive layer which models human behavior in a handover situation. They par-
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ticularly focused on the inclusion of eye gaze and head orientation into the robot’s
decision making.

Other researchers also investigated human-human handover scenarios to get in-
spiration to build models for human-robot handover scenarios [77]. Along this line
of research, Huang et al. [20] analyzed data from human dyads performing a com-
mon household handover task - unloading a dish rack. They identified two coordina-
tion strategies that enabled givers to adapt to receivers’ task demands, namely proac-
tive and reactive methods, and implemented these strategies on a robot to perform
the same task in a human-robot team. Their results suggested that neither proactive
nor reactive strategy can achieve both better team performance and better user ex-
perience. To address this challenge, they developed an adaptive method to achieve
a better user experience with an improved team performance compared to the other
methods.

To improve the fluency of a robot’s actions during a handover task, Cakmak et
al. [5] found that the failure to convey an intention of a robot to handover an object
causes delay during the handover process. To address this challenge and to achieve
fluency, the authors tested two separate approaches on a robot: performing distinct
handover poses and performing unambiguous transitions between poses during the
handover task. They performed an experiment where a robot used these two ap-
proaches while handing over an object to a person. Their findings suggested that
unambiguous transition between poses reduced human waiting times, resulted in a
smoother object handover. However, distinct handover poses did not have any effect
on that.

Other researchers work on perform trajectory analysis to achieve smooth han-
dover of objects. For example, Strabala et al. [76] proposed a coordination struc-
ture for human-robot handovers based on human-human handover. The authors first
studied how people perform handovers with their partners. From this study, the
authors structured how people approach, move their hands, and transfer objects.
Taking inspiration from this structure, the authors then developed a similar han-
dover structure for human-robot handover. This human-robot handover structure
concerned about what, when and where aspects of handovers. They experimentally
validated this design structure.

3.3 Fluent Human-Robot Teaming

Many researchers in the robotics community try to build fluent human-robot teams.
To achieve this goal, many approaches have been taken, including: insights from
human-human teams, cognitive modeling for robots, understanding the coordination
dynamics of teams, and adaptive future prediction methods [77].

To achieve fluency in human-robot teams, many researchers investigated how
people achieve fluent interaction in human-only teams. This knowledge is used to
develop strategies for robots to achieve fluent interaction while interacting with peo-
ple.
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Fig. 2 A live performance of a robotic marimba player (from [18])

Taking insights from human-human teaming, Shah et al. [72, 73] developed a
robot plan execution system, called Chaski, to use in human-robot teams. This sys-
tem enables a robot to collaboratively execute a shared plan with a person. This
system can schedule a robot’s action, and adapt to the human teammate to minimize
the human’s idle time. Through a human-robot teaming experiment, the authors val-
idated that Chaski can reduce a person’s idle time by 85%.

To build cognitive models for robots, researchers build on many other fields,
including cognitive science, neuroscience, and psychology. For example, Hoffman
and Breazeal [13] address the issue of planning and execution through a frame-
work for collaborative activity in human-robot groups by building on the various
notions from cognitive science and psychology literature. They presented a hier-
archical goal-oriented task execution system. This system integrated human verbal
and nonverbal actions, as well as robot nonverbal actions to support the shared ac-
tivity requirements.

Iqbal, Rack, and Riek developed two anticipation algorithms for robots to co-
ordinate their movements with people in teams by taking team coordination dy-
namics into account [30, 58]. One of the anticipation algorithms (SIA) relied on
high-level group behavior understanding, whereas the other method (ECA) did not
rely on high-level group behavior. The results indicated that the robot was more
synchronous to the team and exhibited more contingent and fluent motion when
the SIA method was used than the ECA method. These findings suggested that the
robot performed better when it had an understanding of high-level group behavior
than when it did not.

Additionally, Iqbal and Riek [25] investigated how the presence of robots af-
fects group coordination when both their behavior and their number (single robot
or multi-robot) vary. Their results indicate that group coordination is significantly
affected when a robot joins a human-only group. The group coordination is further
affected when a second robot joins the group and has a different behavior from the
other robot. These results indicated that heterogeneous behavior of robots in a multi-
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human multi-robot group can play a major role in how group coordination dynamics
stabilize.

Drawing inspiration from the neuroscience and cognitive science literature, Iqbal
et al. [29] developed algorithms for robots which leveraged a human-like under-
standing of temporal changes during the coordination process, with a particular eye
toward an understanding of rhythmic tempo change. In their work, a robot employed
two separate processes while coordinating with people, a temporal adaptation pro-
cess, and a temporal anticipation process. A robot used the temporal adaptation pro-
cess to compensate for temporal errors that occurred while coordinating with people.
Additionally, the robot used the anticipation process to generate a prediction about
the timing of the next action to coincide with the timing of the next external rhyth-
mic signal. They applied these processes to a robot to drum synchronously with a
group of people.

Building adaptive models based on a prediction of future actions is another ap-
proach to achieve fluent human-robot collaboration. Hoffman and Breazeal [16] de-
veloped a cognitive architecture for robots, taking inspiration from neuropsycho-
logical principles of anticipation and perceptual simulation. In this architecture, the
fluency in joint action achieved through two processes: 1) anticipation based on a
model of repetitive past events, and 2) the modeling of the resulting anticipatory
expectation as perceptual simulation. They implemented this architecture on a non-
anthropomorphic robotic lamp, which performed a human-robot collaborative task.
Their results suggested that the sense of team fluency and the robot’s contribution
to the fluency significantly increased when the robotic lamp used their developed
architecture.

In other work, Hoffman and Breazeal [15] proposed an adaptive action selection
mechanism for a robot in the context of human-robot joint action. This model made
anticipatory decisions based on the confidence of their validity and relative risk.
They validated their model through a study involving human subjects working with
a simulated robot. They used two versions of robotic behaviors during this study,
one was fully reactive, and another one used their proposed anticipation model.
Their results suggested a significant improvement in best-case task efficiency and
significant difference in the perceived commitment of the robot to the team and its
contribution to the team’s fluency and success.

3.4 Robot as a Partner

There are still many open areas regarding social interactional capabilities that a
robot should have before it can fluently and naturally interact with people as a part-
ner. Many researchers have tried to tackle these open questions by building models
for robots to understand and to act appropriately as a partner in social situations
[50].

For example, Leite et al. [38] conducted an ethnographic study to investigate
how a robot’s capability of recognizing and responding empathically can influence
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Fig. 3 A human-robot drumming team (from Iqbal et al. [29])

an interaction. The authors performed the study in an elementary school where chil-
dren interacted with a social robot. That robot had the capability of recognizing
and responding empathically to some of the children’s affective states. The results
suggested that the robot’s empathic behavior had a positive effect on how children
perceived the robot.

Many researchers also explored how a robot’s explicit behavior can influence its
interaction with people [39, 69]. For example, Riek et al. [65, 64] investigated how
imitation by a robot affects human-robot teaming. They designed a study where a
robot performed three head gestures while interacting with a person: full head ges-
ture mimicking, partial mimicking, and no mimicking. The authors found that in
many cases people nodded back in response to the robot’s nodding during inter-
actions. They suggested incorporating more gestures, along with head nods, while
studying affective human-robot teaming.

In another study, Riek et al. [62] explored the effect of cooperative gestures per-
formed by a humanoid robot in a teaming scenario. The authors performed an ex-
periment where they manipulated the gesture type, the gesture style, and the gesture
orientation performed by the robot while interacting with people. Their results sug-
gested that people cooperate more quickly when the robot performed abrupt (“robot-
like”) gestures, and when the robot performed front-oriented gestures. Moreover, the
speed of people’s ability to decode robot gestures is strongly correlated with their
ability to decode human gestures.

In HRI, eye gaze can provide important non-verbal information [77]. For exam-
ple, Moon et al. [42] performed an experiment where a robot performed human-like
gaze behavior during a handover task. In their experiment, a PR2 robot performed
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three different gaze behaviors while handing over a water bottle to a person. The re-
sults indicated that the timing of handover and the perceived quality of the handover
event were improved when the robot showed a human-like gaze behavior.

Admoni et al. [1] explored whether a deviation from a robot’s standard behavior
can influence the interaction. The authors claimed that people often times over-
looked robot’s standard non-verbal signals (e.g., eye gaze) if they were not related
to the primary task. In their experiment, the authors manipulated the handover be-
havior of a robot to deviate a little from the standard expected behavior. The results
of this experiment suggested that a simple manipulation on standard handover tim-
ing of a robot made people be more aware of other nonverbal behaviors of the robot,
such as eye gaze behavior.

Another well-investigated approach in the field is to teach a robot appropriate
behaviors by teaching it through demonstration, i.e., learning from demonstration
(LfD) [3]. For instance, Niekum et al. [47] developed a method to discover seman-
tically grounded primitives during a demonstrated task. From these primitives, the
authors then built a finite-state representation of the task. The authors used a Beta
Process Autoregressive Hidden Markov Model to automatically segment demon-
strations into motion categories. These categories were then further divided into
motion grounded stated in a finite automaton. From many demonstrated examples,
this model was trained on a robot.

Hayes [12] looked at mutual feedback as an implicit learning mechanism during
an LfD scenario. The authors explored grounding sequences as a feedback channel
for mutual understanding. In their study, both a person and a robot provided non-
verbal feedback to communicate their mutual understanding. The results from the
experiments showed that people provided implicit positive and negative feedback to
the robot during the interaction, such as by smiling or by averting their gaze from
the robot. The results of this work can help us to build adaptable robot policies in
the future.

Brys et al. [4] explored how to merge reinforcement learning and LfD approaches
together to achieve a better and faster learning phase. One key limitation of rein-
forcement learning is that it often requires a huge amount of training data to achieve
a desirable level of performance. For a LfD approach, there is no guarantee about the
quality of the demonstration, which can have many errors. Brys et al. investigated
the intersection between these two approaches and tried to speed up the learning
phase of RL methods using an approach called reward shaping.

4 Challenges

When a robot leaves controlled spaces and begins to work alongside people, many
things taken for granted in terms of perception and action do not apply, because
people act unpredictably, and little can be known about human environments in ad-
vance [63, 48, 52]. These challenges include: difficulties in human action detection,
understanding of team dynamics, limitations in robot hardware and software design,
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Table 1 Application areas of human-robot collaboration

Application Areas Approaches

Proximate Human-Robot Teaming
Models from human demonstration ([2], [49])

Anticipatory action planning ([19], [18], [37], [41], [55])

Human Robot Handovers

Non-verbal signal analysis ([74], [11])

Modelling based on human-human handover ([20], [5])

Trajectory analysis ([76])

Fluent Human-Robot Teaming

Insights from human-human teams ([72], [73])

Cognitive modeling ([13], [30], [25], [29], [58])

Predicting actions ([16], [15])

Robot as a Partner

Explicit behavior analysis ([38], [65], [64], [62])

Eye gaze analysis ([42], [1])

Learning from demonstration ([47], [12], [4])

and egocentric perception. This section introduces some of the challenges that re-
searchers face while incorporating robots into human environments to coordinate
with people, and briefly discusses some solutions to these problems.

4.1 Uncertainty in Human Action Detection

One of the main challenges to detecting human actions is the unpredictability of
human behavior. Sometimes it can be difficult for a robot to perceive and understand
the different types of events involved in these activities to make effective decisions
due to sensor occlusion, sensor fusion error, unanticipated motion, narrow field of
view, cluttered backgrounds, etc. [66, 7, 6, 59].

One approach to address the challenge of human action detection is to use clas-
sification algorithms to detect actions from video data. However, this approach has
major challenges, including: intra vs inter class variations between action classes,
environment and recording settings, temporal variations of actions, and obtaining
and labeling training data [56]. Moreover, using a classifier for action detection has
several computational bottlenecks, including: generalizability, abnormality detec-
tion, and classifier training [59].

Most of the approaches available in the literature can not handle most of these
challenges. Moreover, in most action recognition cases, researchers usually assume
that camera positions are static. However, this is not the case for mobile robots [6].

Ryoo and Matthies try to address the challenge of action detection from a first-
person point-of-view [68]. In their work, the authors try to detect seven classes of
commonly observed activities during human-human interaction from a first-person
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point-of-view. Ryoo et al. [67] further extended this approach to detect early hu-
man activities from a robot. Using their method, a robot can detect human activities
early, in real-time, in real-world environments. However, these methods still do not
address other practical challenges, such as occlusion.

4.2 Unpredictable Changes in Team Dynamics

If a robot has some ability to model team dynamics, it can anticipate future ac-
tions in a team, and adapt to those actions to be an effective teammate. However,
understanding team dynamics is not trivial. If robots have an understanding of its
environment, then its interactions within the team might facilitate a higher-level of
coordination.

In many human-human team situations, team members are explicitly assigned to
various roles [53]. On the other hand, in many human-human teams, various roles
emerges over time across the team members to achieve a common goal [35]. Often
times these assigned roles change dynamically based on necessities. For example, a
person who begins to lead a team to move a table may follow another teammate’s
lead later during the moving process. How people coordinate and cooperate among
themselves in these situations are important indicators for robots to understand var-
ious roles in groups.

In human-robot interaction scenarios, various role distribution models are used.
High-level role distribution models in the HRI paradigm are master-slave, supervisor-
subordinate, partner-partner, teacher-learner, and leader-follower [53, 22, 27, 61].
However, these well-defined role distributions are rarely seen in real-world situa-
tions. Moreover, distributed roles change dynamically in many situations. Therefore,
if the roles are not predefined for an interaction, the robot needs to make predictions
about the role of co-present people, to infer its own role in the group.

Understanding the role of other people in a group is not easy for a robot. Thus,
most of the human-robot teams are designed using some prior distribution of roles to
achieve goals. However, a dynamic understanding of role distributions in a human-
robot team can enable a robot to understand team dynamics more appropriately,
which can lead to a fluent interaction in the group.

4.3 Limited Behavioral Versatility on Robots

Another challenge of incorporating robots in human teams is a lack of versatility of
behaviors on robots. Most robots are designed to perform a specific task. Therefore,
most of time they are limited in their behavioral abilities because they are restricted
by their physical capabilities. For example, some robots are designed to perform
manipulation tasks, some are good at recognizing and tracking people, and some
are good at mobility.
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However, a robot often needs to perform more than one of these abilities simul-
taneously to interact fluently with, and establish trust with people. For example, to
socially interact with people, a robot needs to be able to identify them, approach
them by avoiding obstacles, understand verbal and non-verbal messages, commu-
nicate verbally and non-verbally, and work alongside them. Thus, researchers need
robots with versatile behaviors and abilities to build more efficient and functional
human-robot teams.

Anthropomorphic robots are widely used in social environments to interact with
people. These robots can engage with people in social interaction by perceiving var-
ious social cues from verbal and nonverbal channels, and by communicating with
people verbally and non-verbally. However, these types of robots are often not de-
signed with capabilities to perform other tasks, such as mobility and manipulation.
Kismet [32] was one of the first few anthropomorphic robots with an expressive face
that was used to interact with people in social environments using gaze, facial ex-
pression, body posture, and vocal babbling. However, due to lack of other physical
parts, such as hands, this social robot lacks the capability to perform hand gestures
to interact with people fluently.

The Nao robot is a widely used humanoid robot for research [44], which can
walk, show expressive gestures, and verbally communicate with people. Because
of its expressive body gestures and verbal communication capabilities, it became a
popular platform which enabled researchers to design a wide variety of interactions
with people. However, it lacks facial expressions and is incapable of performing
manipulation tasks, which limits its utility.

There are also non-anthropomorphic robots that interact and collaborate with
people. These robots can show various verbal and nonverbal responses, and can also
generate animated gestures while collaborating with people. For example, Hoffman
and Ju [17] designed a non-humanoid robot with expressive movements in mind.
This robot can perform human-like gestures, such as a head nod to express agree-
ment, and a head shake to express disagreement. This robot can express selective
gestures; however, it can not express many other gestures which are possible to per-
form with an expressive face.

On the other hand of the spectrum, there exist many robots that are strictly
designed to perform manipulation tasks, e.g., Fetch and Freight robot by Fetch
Robotics [9]. These arms are capable of performing dexterous manipulation tasks.
However, these robots are not particularly functional in social situations, as often
times they are not safe around people, and can not easily generate expressive behav-
iors.

PR2 robot by Willow Garage [57] is another widely used robotic platform, par-
ticularly for manipulation and handover research. This robot has two manipulation
arms with grippers and can perform many dexterous tasks, which make it a widely
used robotic manipulator by the research community. However, this robot lacks the
capability to perform any expressive behavior towards people, and not very suitable
for human social environments.
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4.4 Lack of Infrastructure to Support Replicability

Because of the wide range of platforms used on various robots, it is very challenging
for researchers to replicate studies across different robots. This limitation prevents
human-robot collaboration researchers from exploring the effects of using various
kinds of robots in similar situations.

These difficulties include: changes in sensor modalities across various platforms,
variation in on-board processing units, and variation in physical structure. For ex-
ample, if a robot has a high definition RGB-D camera and has an onboard graphical
processing unit, then it can detect facial expressions more precisely. On the other
hand, if another robot only has a low definition RGB camera with no onboard pro-
cessing unit, then the same algorithms will not perform consistently.

The Robot Operating System (ROS) is a commonly used platform in the aca-
demic community [54]. However, as this is open source software, there are many
challenges using it due to lack of software support and maintenance.

Moreover, similar algorithms need to be implemented on different platforms as
not all robots are using a unified platform. This requires researchers to reimplement
pre-existing algorithms to accommodate different platforms, which oftentimes delay
progress. Having common infrastructures will greatly help the research community
to achieve replicability and to explore new robotic behaviors to coordinate with
people.

5 Discussion

In this chapter, we discussed some exciting recent work on human-robot coordina-
tion. We briefly described recent approaches to model human-human and human-
robot joint action from the literature. These approaches include: neural process mod-
eling, taking a group-perspective, bottom-up approaches, nonlinear dynamical sys-
tems approaches, implicit and explicit physiological signals.

We also discussed four main application areas in human-robot cooperation do-
main, namely human-robot handovers, interaction in close physical proximities, flu-
ent human-robot teaming, and robot as a partner. Many approaches have been taken
to incorporate robots in these application domains, including: dynamic trajectory
analysis, anticipatory action planning, cognitive modeling, explicit and implicit be-
havior analysis, affective behavior analysis, learning from demonstration (LfD).

Although there exist many applications of human-robot coordination, there also
exist many practical issues that must be addressed to achieve a higher level of flu-
ency in interaction. These practical issues include a lack of work done to detect and
recognize co-present human actions and to understand team dynamics, limitations
in robot design, and a lack of infrastructure to support replicability. Computational
fields, like computer vision and machine learning, are trying to address specific
robotic problems related to real-world scenarios, such as using egocentric vision,
computationally inexpensive object proposal algorithms, and so on [7, 6]. Along
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with improvements in these technologies and existing algorithms, social robots will
be able to cooperate with co-present people better in human social environments in
the future.
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