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1  Introduction

A cyber-physical-human system (CPHS) is an emerging 
concept of control schemes that emphasizes the interaction 
between machines and humans [1]. An exciting application 
of CPHS is the design of collaborative multi-robot systems 
(MRS) devised to support humans in a variety of tasks, from 
construction [2] to manufacturing [3] and transport [1]. One 
of the core challenges in the conception of such MRS is the 
development of their motion planning and decision-making 
algorithms, which must enable the group of robots to har-
moniously operate with humans towards an aligned objec-
tive [4].

A particularly attractive technique used to this end is 
model predictive control (MPC), a receding horizon con-
trol scheme that has been extensively demonstrated for 
multi-robot real-time motion planning and decision-making 
[5–7]. As a model-based approach, MPC typically requires 
accurate prediction models of the dynamic elements in the 
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Abstract
One of the key issues in human-robot collaboration is the development of computational models that allow robots to 
predict and adapt to human behavior. Much progress has been achieved in developing such models, as well as control 
techniques that address the autonomy problems of motion planning and decision-making in robotics. However, the integra-
tion of computational models of human behavior with such control techniques still poses a major challenge, resulting in a 
bottleneck for efficient collaborative human-robot teams. In this context, we present a novel architecture for human-robot 
collaboration: Adaptive Robot Motion for Collaboration with Humans using Adversarial Inverse Reinforcement learning 
(ARMCHAIR). Our solution leverages adversarial inverse reinforcement learning and model predictive control to compute 
optimal trajectories and decisions for a mobile multi-robot system that collaborates with a human in an exploration task. 
During the mission, ARMCHAIR operates without human intervention, autonomously identifying the necessity to support 
and acting accordingly. Our approach also explicitly addresses the network connectivity requirement of the human-robot 
team. Extensive simulation-based evaluations demonstrate that ARMCHAIR allows a group of robots to safely support a 
simulated human in an exploration scenario, preventing collisions and network disconnections, and improving the overall 
performance of the task.

Keywords  Cyber-physical-human systems · Human-robot collaboration · Inverse reinforcement learning · Trajectory 
planning · Task allocation · Model predictive control
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environment [8]. This requirement is particularly relevant 
in the context of human-robot teaming, where appropriate 
group coordination depends on the capability of predicting 
and adapting to human decisions and motion in real-time 
[9].

The human behavior prediction models are not only a 
fundamental component of most predictive control schemes 
designed for human-robot collaboration but also outlined as 
a key element in the development of general CPHS [1]. Tra-
ditionally, fields such as psychology rely on descriptive pre-
dictions of human behavior that are based on first principles 
[1, 10, 11]. Alternatively, recent advances in machine learn-
ing techniques have enabled an increasing number of sophis-
ticated data-driven models for human motion and decisions 
[12, 13]. As a quantitative methodology, machine learning 
offers the benefit of providing mathematical or algorithmic 
models that are naturally encoded into machines [14], facili-
tating their integration with powerful control techniques. As 
a result, machine-learned human behavior models and MPC 
have been successfully integrated to design efficient algo-
rithms for CPHS [6, 7].

Another concrete motivation for this integration is the 
possibility of enforcing connectivity between the elements 
of the human-robot team. Often, proper operation of MRS 
requires the maintenance of network connectivity [5]. This 
property holds particular importance when humans are inte-
grated into the team since typical interactions, in the form 
of direct human commands, negotiations, or adaptations, 
also entail some form of communication. By properly pre-
dicting human motion within the MPC framework through 
machine-learned behavior models, hard constraints on con-
nectivity can be enforced, allowing the robots to receive 
commands, perform negotiations, or adapt to human actions 
by continually monitoring them. The maintenance of com-
munication has also been demonstrated as an important fac-
tor in improving human-robot trust [15].

1.1  Background

Originally developed for process control in chemical plants 
[16], model predictive control (MPC) evolved over the 
last decades into a flexible tool that can be fine-tuned for 
a wide range of applications. In the field of robotics, it has 
been already demonstrated for motion planning of complex 
platforms such as autonomous cars [6] and MRS [17]. The 
inherent robustness associated with the closed-loop for-
mulation alongside its capability to perform constrained 
optimization is ideal in addressing major issues in robot 
motion planning [18], such as active collision avoidance in 
environments with moving obstacles [7], safe operation in 
unknown environments [19], and coordinated rendezvous 
maneuvering [20]. The use of MPC alongside mixed-integer 

programming (MIP) further enhances the technique, allow-
ing the optimization of integer and continuous variables. 
This extension allows MPC-MIP optimization models to 
encode a variety of additional requirements such as mini-
mum-time maneuvering, task allocation, and connectivity 
maintenance [5, 21, 22].

To devise human prediction models, this work leverages 
inverse reinforcement learning (IRL) [23], a machine learn-
ing method that has been extensively employed to model 
human behavior in the context of sequential decision-
making, from aircraft pilots [24] to car drivers [25]. Unlike 
other popular machine learning methods used for this pur-
pose, such as imitation learning [14], IRL algorithms aim to 
recover a reward function given a dataset of demonstrations. 
This distinction offers substantial benefits since the ensu-
ing reward functions can be used to infer human intentions 
and also provide enhanced flexibility, being used for opti-
mizations considering scenarios that deviate from the ones 
present in the original data [23]. These traits have been lev-
eraged for many applications, such as collaborative autono-
mous driving [25], selecting trajectories for a manipulator 
robot that closely resemble observed human motion [26], 
and inferring objectives of rogue drones [27].

Adversarial Inverse Reinforcement Learning (AIRL) 
[28] is an alternate rendition of this method that leverages 
the principle of maximum-entropy IRL [29] and adversar-
ial deep networks. This approach has been shown to out-
perform established deep imitation learning algorithms in 
terms of generalization [28, 30], demonstration-efficiency 
[30], and precision [31]. Similarly to traditional IRL, AIRL 
has found use in a multitude of applications, from the design 
of agents that can remain under human meaningful control 
[32, 33] to improving lane-changing [34] and lane-keeping 
maneuvers [35] of autonomous vehicles.

1.2  Related Work

We start the presentation of the selected literature with 
works that employ MPC and machine learning to design 
algorithms for mobile human-robot teams. In [6], an MPC-
based formation controller was designed for human-lead-
ing truck platooning. A model of the driver’s behavior was 
computed using IRL and then integrated into decentralized 
MPC controllers in each autonomous truck. The inherent 
uncertainty in the behavior of the drivers was handled using 
chance constraints.

The problem of coordinating a group of robots, humans, 
and moving obstacles without communication networks is 
addressed in [7]. A Recurrent Neural Network (RNN) is 
trained using a dataset of robot demonstrations to develop 
prediction models. The proposed MPC trajectory planners 
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are able to steer independent robots in swap maneuvers 
without a priori exchange of their intended paths.

A lane-changing problem in mixed-traffic scenarios is 
considered in [36]. The proposed approach relies on the rec-
ognition of six driver actions that are modeled using hid-
den Markov models. Probability models are then trained to 
predict the acceleration of the vehicle given the predicted 
human actions. An MPC-MIP formulation is employed to 
safely and efficiently steer the vehicle in the lane-changing 
maneuver. A strategy based on Interaction-Aware Model 
Predictive Path Integral (IA-MPPI) is proposed in [37] for 
trajectory planning of a team of Unmanned Surface Vessels 
(USV) in urban canals. The system is able to predict trajec-
tories and goals using pedestrian models and social varia-
tional recurrent neural networks.

In addition to MPC and machine learning methods, 
another popular methodology for the development of 
human-robot collaboration algorithms for mobile platforms 
are hierarchical architectures that leverage multiple dis-
tinct techniques that individually address the problems of 
decision-making, motion planning, and connectivity. For 
example [38], proposes an architecture with three layers: a 
global planner leverages the fast marching square algorithm 
to provide proper trajectories to the goal, while a local plan-
ner addresses collision avoidance. A Social Force Model 
(SFM) with parameters estimated by a neural network is 
employed for human prediction. A Lloyd-based controller 
handles the multi-agent coordination problem and provides 
further safety guarantees.

A similar approach is proposed in [39], where the task 
of path planning is divided into global and local planners, 
while collision avoidance is handled by a low-level control-
ler. Human demonstrations are employed by an IRL algo-
rithm to learn proper social navigation behaviors, which are 
then used to compute human-like trajectories for the robot. 
A B-spline path generation algorithm is proposed in [40] to 
address the problem of humanoid robot navigation along-
side humans. A combination of SFM and Bayesian human 
motion models is used to predict human trajectories. The 
integration between adaptive control strategies and social 
proximity potential fields has also been proposed as a solu-
tion for human-robot navigation under specific social con-
ventions [41].

In [42] a semi-autonomous approach is proposed where 
the human performs a search-and-rescue operation with the 
support of Unmanned Aerial Vehicles (UAVs). The tasks of 
the team are assigned by the operator while collision avoid-
ance is handled by a trajectory planner based on replanning 
using linear spatial separations. Different levels of auton-
omy in human-robot teaming are studied in [43] considering 
the task of robot-assisted docking of a ship conducted by a 
human.

The problem of human-robot collaborative search has 
been successfully demonstrated in [44] through a series of 
thorough experiments. The proposal leverages the concept 
of Social Reward Sources (SRS) to model the environ-
ment and mission, while an architecture using Monte Carlo 
Tree Search (MCTS) and Rapidly-exploring Random Trees 
(RRT) is used to collaboratively navigate a group of robots. 
The interactions occur through messages with the humans 
transmitting their intended goals and positions using a 
smartphone.

1.3  Contributions

The main contribution of this work is a novel architecture, 
integration strategy, and MILP formulation that enables 
deep neural networks and MPC-MIP to be jointly leveraged 
to solve a collaboration and coordination problem consider-
ing a human-robot team. The proposed algorithm is entitled 
Adaptive Robot Motion for Collaboration with Humans 
using Adversarial Inverse Reinforcement learning (ARM-
CHAIR). Specifically. ARMCHAIR differentiates itself 
from other solutions by:

(1)	 providing both movement coordination and collabora-
tion in task allocation for an MRS that supports a human 
in an exploration mission;

(2)	 not requiring human intervention, with the robot team 
identifying the necessity of support and acting as 
needed;

(3)	 handling the joint decision-making and motion plan-
ning optimization problems in a unified MPC-MIP 
framework;

(4)	 actively enforcing network connectivity.

Unlike most of the proposals found in the literature, ARM-
CHAIR addresses: a) the typical movement coordination 
problems associated with collision avoidance and connec-
tivity maintenance that are required for proper coexistence 
and cooperation between humans and robots collaborating 
on the same task; and b) it provides harmonious task alloca-
tion with the machines updating their objectives to conform 
with human decisions, avoiding conflicts and effectively 
allowing the group to collaborate towards an aligned global 
goal in spite of the uncertainty in the human’s decisions.

ARMCHAIRs architecture is presented in Fig. 1. The 
trajectories are computed with the proposed MPC-MIP 
scheme, which handles both the motion planning and task 
allocation issues in the same framework, being able to 
jointly optimize them to certified global optimality in finite-
time [45]. In addition, using the AIRL-based prediction 
model, ARMCHAIR is able to operate without human inter-
vention by inferring their intentions and adapting to them. 
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contexts such as search-and-rescue and surveillance tasks 
[44]. The discrete-time dynamics of the robots considering 
a sampling period of T > 0 are described by the following 
equations 

xi(k + 1) = Aixi(k) + Biui(k)� (1)

yi(k) = Cxi(k), ∀i ∈ Ina
1 � (2)

where xi ∈ Rnx , ui ∈ Rnu , and yi ∈ R2 are the state, 
input, and position of robot i, respectively; Ai ∈ Rnx×nx , 
Bi ∈ Rnx×nu , and C ∈ R2×nx  are the corresponding matri-
ces of the state-space representation. States and inputs are 
bounded by the polytopic sets X ⊂ Rnx  and U ⊂ Rnu , 
respectively.

The group performs the task within the boundaries of a 
region represented by the polytope A ⊂ R2 which contains 
no ∈ N polytopic obstacles Og ⊂ R2, ∀g ∈ Ino

1 . The space 
occupied by the body of the robots is defined as 

Ri(k) ≜ yi(k) ⊕ Ri, ∀i ∈ Ina
1 � (3)

where Ri ⊂ R2 is a polytope centered at the origin repre-
senting the shape of robot i. Similarly, the space occupied 
by the human is defined as 

Rh(k) ≜ yh(k) ⊕ Rh� (4)

with yh ∈ R2 being the position of the human and Rh ⊂ R2 
representing the human body. Define Ō ≜

∪no

g=1 Og. Then, 
the free operation region of the i-th robot at time step k is 
written as, ∀i ∈ Ina

1 , 

Āi(k) =


A \


Ō ∪ Rh(k) ∪

na∪
j=1
j ̸=i

Rj(k)





 ∼ Ri� (5)

The tasks in the environment are represented by particu-
lar regions denominated targets; we consider that an agent 
(human or robot) services a task associated with a target by 
physically reaching it, as established in [22]. We also note 
that the agents are allowed to move through targets to reach 
another objective without servicing them.

These targets are represented by the polytopes 
Te ⊂ R2, ∀e ∈ Int

1 , where nt ∈ N is the total number of 
targets. These regions are further divided into two types: A 
and B. From the perspective of the robots both types are 
equally valuable, whereas the human may be biased toward 
a particular type. In the design of the proposed algorithms, 
the preferences of the human are not explicitly known and 
can only be inferred from data. The number of targets of 

This is made possible, in part, by the active enforcement of 
network connectivity through the constraints in the MPC-
MIP problem. The optimization is performed in a closed-
loop fashion using the current feedback of the human and 
robot states, which are sensored and communicated to the 
planner through the network. The planner provides periodi-
cal updates on the trajectories and decisions of the MRS in 
a receding horizon fashion.

1.4  Notation and Definitions

The prediction of a variable “◦” for the time step k + ℓ 
made at time step k is written as ◦̂(ℓ|k). Bold letters rep-
resent matrices and vectors, whereas scalars are written in 
plain text. The sets of all integers in the interval [m, n] are 
written as In

m = {m, m + 1, . . . , n}. Sets are denoted by 
calligraphic letters as in B. All polytopes mentioned in this 
work are convex. The Minkowski sum and Pontryagin dif-
ference operators are denoted by ⊕ and ∼, respectively [46].

2  Problem Description

We consider a group of na ∈ N robots and one human in a 
task of visiting targets that represent regions of interest in a 
planar environment. This setup represents a general explo-
ration mission, which is relevant in multiple real-world 

Fig. 1  ARMCHAIR control architecture. The offline AIRL training 
provides a human prediction model that is used by the MPC-MIP algo-
rithm to compute proper trajectories and decisions for the MRS in a 
closed loop

 

1 3



International Journal of Social Robotics

The set of human demonstrations assumed in A1 can be 
obtained by monitoring and collecting data directly during 
their activities. In this proof-of-concept work, we generated 
synthetic human behavior data rather than collecting it from 
real humans (see Appendix A.1 for details). This approach 
allows for preliminary evaluation of algorithms for human-
robot collaboration [24, 30, 32, 37, 47] since it can gener-
ate human-like data in a scalable way, although it is limited 
in that it does not exactly represent actual human behavior. 
Assumptions A2 and A3 imply that the human is aware of 
their task and has some degree of competency in completing 
it. However, optimal performance is typically not achieved, 
as humans are susceptible to bounded rationality and uncer-
tainty over objectives [47–49]. We employed reinforcement 
learning to train a synthetic agent to emulate these charac-
teristics (Appendix A.1). The resulting policy is optimized 
to maximize a compromise between collecting rewards (by 
visiting targets) and finishing the task quickly but is also 
stochastic and not necessarily globally optimal. Thus, both 
A2 and A3 are satisfied by the proposed synthetic agent. For 
the sake of simplicity, Assumption A4 constrains the prob-
lem to humans moving with constant velocity. However, 
the methods herein proposed can be expanded to accom-
modate a varying velocity. In this context, the main problem 
addressed by ARMCHAIR is now enunciated.

Problem 1  Design a motion planning and task allocation 
algorithm that allow the robots to collaborate with the 
human, complementing their efforts in the task when neces-
sary without the necessity of human intervention. Specifi-
cally, the decision-making problem is associated with

(1)	 Deciding which regions are likely to be neglected by the 
human given his observed behavior;

(2)	 Deciding whether it is beneficial and viable for the 
robot team to service the neglected regions considering 
a compromise between time, fuel expenditure, and the 
rewards associated with reaching a region and the maxi-
mum mission horizon;

(3)	 Assigning robots from the group to service such regions 
if necessary.

The motion planning problem is to compute trajectories 
such that the robots reach their assigned regions; maintain 
connectivity between them and with the human; and avoid 
collisions.

Remark 1  This work focuses on designing a system that 
allows the robots to passively support the human in the task, 
i.e., there is no consensus nor competition between the oper-
ator and the robot group regarding the tasks. The operator 
performs his mission as it typically would, disregarding the 

type A and B is denoted by nA ≥ 0 and nB ≥ 0, respec-
tively, such that nA + nB = nt. The mission is finished 
when the human reaches a terminal region F ⊂ R2, which 
represents the physical exit (e.g. door) of the environment. 
The introduction of a spatial terminal condition allows for a 
more complex problem, where the decisions of the human 
can be impacted by the positioning of the targets w.r.t. the 
terminal region, F . In addition, this choice of terminal con-
dition is consistent with the MILP multi-robot motion plan-
ning and decision-making problems addressed in [5, 22]. 
Figure 2 provides an example of the envisioned scenario.

In our setup, the group of robots must also maintain con-
nectivity at each time step. We consider proximity-based 
links, where two agents are connected if they are close 
enough to each other, i.e., if their relative position is within a 
communication region represented by the polytope C ⊂ R2. 
Under this condition for individual connections, the whole 
group can communicate if the underlying network, repre-
sented by an undirected graph, is connected [22].

In order to cooperate with the human, the robots make 
use of a behavior model of that human. This behavior model 
is initially unknown, although the following assumptions 
are made:

A1)	A set of demonstrations D containing human trajecto-
ries in similar tasks is available;

A2)	The human operates trying to maximize a compromise 
between visiting the maximum number of targets and 
finishing the mission as soon as possible.

A3)	The ensuing behavior is not necessarily optimal nor 
deterministic;

A4)	The human moves with constant velocity.

Fig. 2  Illustration of environment with a target of type B in T1 and 
two targets of type a represented by the polytopes T2 and T3; three 
obstacles O1, O2, and O3; and a terminal region F . The polytopes R1 
and R2 are outer approximations of the robots’ bodies. Connectivity 
regions are depicted as circles
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aforementioned assumptions. To this end, we leverage AIRL 
[28] to recover a reward function so that ARMCHAIR can 
train a policy that imitates the behavior observed in the dataset. 
This policy will provide predictions of the human’s high-level 
decisions, i.e., the targets that are likely to be visited, and the 
corresponding path through the environment. Henceforth, we 
followed the AIRL approaches from [28, 32].

In particular, we follow the scheme presented in [32] and 
divide the environment presented in Sect. 2 into nc ∈ N 
cells of a grid. The ensuing scenario is represented by a 
Markov Decision Process (MDP) ⟨S, N , p, r, γ⟩ with 

s = [Fpos, FA, FB, Fobs, Fter]� (6)

being a state belonging to the set of states S with the feature 
maps Fpos, FA, FB, Fobs, Fter ∈ {0, 1}nc×nc  representing 
the positions of the human, type A targets, type B targets, 
obstacles, and terminal region, respectively. Examples of 
feature maps are presented in Fig. 3. The set of nact ∈ N 
actions is denoted as N = {a1, . . . , aact}, whereas p(s′|s, a) 
is the transition distribution associated with the dynamics of 
the environment. The reward function and discount factor 
are denoted by r : S × N → R and γ ∈ [0, 1], respectively.

The two main components of the AIRL framework are 
the reward and policy networks represented by fθ and 
πϕ, which are parameterized by θ and ϕ, respectively. The 
discriminator 

Dθ(s, a, s′) = exp(fθ(s, a, s′))
exp(fθ(s, a, s′)) + πϕ(a|s) � (7)

previously proposed in [28] outputs the confidence that a 
particular state-action pair (s, a) belongs to the demon-
stration dataset rather than being generated from πϕ. The 
discriminator is trained to improve this data classification 
using binary logistic regression, further refining the reward 
approximator fθ at each iteration. The policy network is 
updated using PPO [32], to generate trajectories that bet-
ter match the demonstrations, this way “confusing” the 
classification process of the discriminator [28]. The policy 
recovered by AIRL is denoted by π̂ : S → ∆N  and is a 
probability distribution over all actions conditioned by a 
state, where ∆N ∈ Rnact+1 is the probability simplex over 
the actions.

3.2  Human Prediction Model

Once π̂ is properly learned, we can determine sequences of 
states representing the potential paths and decisions of the 
human given an initial state. However, due to the stochastic-
ity of the policy, many distinct sequences can be computed. 
This uncertainty can be addressed by robust MPC planners 

robot team. The latter only acts towards tasks if it is able 
to infer, from the observed human behavior, that a target is 
likely to be neglect by the operator.

3  Adaptive Robot Motion for Collaboration 
with Humans Using Adversarial Inverse 
Reinforcement Learning (ARMCHAIR)

The ARMCHAIR scheme, presented in Fig. 1, addresses Prob-
lem 1 by leveraging AIRL to model human behavior through 
a dataset of their demonstrations while performing the mission 
in the environment. The time-demanding learning process of 
AIRL is carried offline and only the resulting policy is used, 
alongside the feedback of current human and robot states, in 
the online closed-loop scheme. The MPC-MIP motion plan-
ning and decision-making algorithm performs an optimization 
considering the current state of the group and employs the pol-
icy computed by the AIRL method to predict future motion and 
decisions of the human given their current state. The inherent 
uncertainty in human actions is handled by a straightforward 
robustness approach using safety regions.

Each element of the ARMCHAIRs architecture is thor-
oughly discussed in the subsequent sections.

3.1  Adversarial Inverse Reinforcement Learning

Typically, MPC requires a model to predict the dynamic ele-
ments of the environment. Considering the problem description 
discussed in Sect. 2, ARMCHAIR learns a prediction model 
for the human given only the set of demonstrations D under the 

Fig. 3  Human position, target of type A, and terminal region T in a grid 
encoded as the feature maps Fpos, FA, Fter, respectively
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Remark 2  Since the AIRL training is both computationally 
and time expensive, it must currently be performed offline. 
Thus, the models are only valid to predict the humans that 
generated the training datasets, and the robot team can only 
properly collaborate with these individuals. The study of the 
generalization capabilities of the models is left for future 
research.

3.3  MPC-MIP Formulation

The MPC-MIP formulation designed for the human-robot 
motion planning and decision-making problem is similar to 
[5], with the distinction of accounting for an independent 
agent, i.e. the human, over which the group of robots has 
no command. Within the multi-agent team, the human is 
always assigned to the last index na + 1, where na is the 
number of robots, without loss of generality. Implementa-
tion details are available in the provided source code.1

Let the tuple λ =
⟨
xi, ui, bhor, btar

i,e , bcon
i,j

⟩
 represent all 

variables to be optimized. Then, the human-robot teaming 
problem can be formalized as the following mixed-integer 
linear programming (MILP) model.

Human-robot teaming optimization model

min
λ

N̄∑
ℓ=0

(
na∑
i=1

γuui(ℓ|k)1 −
nt∑

e=1

na+1∑
i=1

γebtar
i,e (ℓ|k)

)
� (10a)

s.t.,
Human

∀ℓ ∈ IN̄
0 ,

yna+1(ℓ|k) = ŷh(ℓ|k)
� (10b)

Robots

∀i ∈ Ina
1 , ∀ℓ ∈ IN̄

0

xi(0|k) = xi(k),
� (10c)

xi(ℓ + 1|k) = Aixi(ℓ|k) + Biui(ℓ|k)� (10d)

yi(ℓ|k) = Cixi(ℓ|k)� (10e)

xi(ℓ + 1|k) ∈ Xi� (10f)

ui(ℓ|k) ∈ U � (10g)

na + 1� (10h)
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with a multitude of techniques e.g., chance constraints [6], 
contingency [50], or constraint tightening. We opt for a 
straightforward approach where the predictions are the most 
likely sequence of states given by the policy, with the uncer-
tainty in the human’s actions being handled by the robust 
formulation presented in Sect. 3.4. The sequence of states 
is computed through the propagation of the (8) and (9) until 
the terminal state is reached:

â(n) = argma xπ̂(a′|ŝ(n))
a′ ∈ N

� (8)

ŝ(n + 1) = argmax p (s′ |̂s(n), â(n))
s′ ∈ S

� (9)

with â and ŝ representing action and state predictions, 
respectively.

Algorithm 1 summarizes the process of computing the 
human predictions. It starts by associating the first predicted 
state ŝ(0) with the measured state of the human at time step 
k, smeas(k). The corresponding waypoint ŵ(n) ∈ R2, rep-
resenting the predicted Cartesian position of the human, is 
then extracted from the feature map Fpos(n) using the func-
tion getWaypoints. Considering the current state, the pro-
cedures in lines 5 and 6 compute the most likely action and 
next state, respectively. This process is repeated in a loop 
until the predictions reach the terminal state. Then, assum-
ing that the human moves with a constant linear velocity 
v > 0, the predicted trajectories at time step k are computed 
by the function getTraj yielding a sequence of predicted 
human positions, ŷh(ℓ|k) ∈ R2, ∀ℓ ∈ IN̄

0  with N̄  being the 
maximum prediction horizon considered.

Algorithm 1 runs periodically, employing updated mea-
surements of the human’s state, with a frequency dictated by 
the sampling period T .
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target polytopes is described by the implication in constraint 
(10i). Constraint (10j) establishes that the reward associ-
ated with each target can be collected only once. Constraint 
(10k) conditions the activation of the connectivity binary 
bcon

i,j ∈ {0, 1} of agents i and j to their relative position 
being within the connectivity region polytope C. The degree 
of the vertices that represent the agents in the communica-
tion network is encoded by (10l). The condition for con-
nectivity between robots is enforced by constraint (10m), 
whereas (10n) guarantees that there is always at least one 
robot connected to the human, forming a network with all 
elements of the team.

The mission is finished when the horizon binary 
bhor ∈ {0, 1} is active. Constraint (10o) conditions the acti-
vation of this binary to the human predicted position reach-
ing the terminal region F , whereas (10p) enforces that the 
horizon binary can only be activated at exactly one time 
step.

3.4  Robust Formulation

As discussed in 3.2, the predictions employed by the motion 
planning algorithm take into account only the most likely 
actions of the human. We address the ensuing potential pre-
diction errors by making the method more robust through an 
approach based on safety regions.

To prevent potential collisions, we construct a safety 
region R̄h ⊂ R2, that must be avoided by the robots, by 
enlarging the polytope representing the body of the human 
to account for any possible direction of movement at the 
next step (Fig. 4). Define, ∀i ∈ Ina

1 , ∀ℓ ∈ IN̄
0 , 

Pi(k + 1) ≜ Ō ∪
na∪

j=1
j ̸=i

Rj(k + 1)� (11)

as the union of the sets representing the obstacles and the 
bodies of robots for i ̸= j, i.e., the regions that robot i is 
not allowed to occupy over time. Then, we adapt the free 
operation region (5) used in constraint (10h) as, ∀i ∈ Ina

1 , 
∀k ∈ IN̄

0 , 

Āi(ℓ + 1|k) = (A \ (R̄h(k + 1) ∪ Pi(ℓ + 1|k))) ∼ Ri� (12)

A similar approach is employed to prevent network discon-
nections. A shrunken connectivity region is computed con-
sidering the safety region 

C̄ = C ∼ R̄h.� (13)

The resulting motion planner steers the robots such that 
connectivity is maintained (for the next step) considering 
any potential direction that the human can move. Constraint 

Collaboration

∀i ∈ Ina+1
1 , ∀e ∈ Int

1 , i < j ⩽ na + 1, ∀ℓ ∈ IN̄
0

btar
i,e (ℓ|k) ⇒ yi(ℓ|k) ∈ Te

� (10i)

N̄∑
ℓ=0

na+1∑
h=1

btar
i,e (ℓ|k) ⩽ 1� (10j)

bcon
i,j (ℓ|k) ⇒ yi(ℓ|k) − yj(ℓ|k) ∈ C� (10k)

degi(ℓ|k) =
i−1∑
=1

bcon
,i (ℓ|k) +

na∑
=i+1

bcon
i, (ℓ|k)� (10l)

degi(ℓ|k) + degj(ℓ|k) ⩾ na, j ̸= na + 1� (10m)

na∑
i=1

bcon
i,na+1(ℓ|k) ⩾ 1� (10n)

bhor(ℓ|k) ⇒ yna+1(ℓ|k) ∈ F � (10o)

N̄∑
ℓ=0

bhor(ℓ|k) = 1� (10p)

The cost (10a) is a trade-off between minimizing the control 
effort of the robots (weighted by γu > 0) and maximizing 
the collection of rewards through target visitation. The value 
assigned to each target collection is given by the weights 
γe > 0, ∀e ∈ Int

1 . Notice that the activation of the target 
binaries btar

i,e ∈ {0, 1}, which implies that an agent visited a 
target due to constraint (10i), results in a discount that con-
tributes to the minimization of (10a). Thus, the cost drives 
the group towards target visitation while also considering 
the total control effort (represented by the inputs ui) of the 
maneuvers.

Constraint (10b) performs the assignment of the predic-
tions coming from the human prediction model (Algorithm 
1) to the appropriate variables in the optimization model, 
yna+1.

Constraints (10c) - (10h) are related to the robots. Con-
straint (10c) establishes the receding horizon scheme of the 
MPC technique. The dynamics are encoded by (10d) and 
(10e), whereas (10f) and (10g) enforce the robot’s state and 
input bounds, respectively. Avoidance of collisions between 
elements of the group and with obstacles is enforced by 
(10h).

Finally, collaboration between the robots in the group is 
achieved through constraints (10i) - (10p). The relationship 
between target binaries, the positions of the agents, and the 
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is approximated by a regular octagonal polytope inscribed 
in the circle C ⊂ R2, following [5]. The width and length 
of the robots, human, and operation region are 0.5 × 0.5 m, 
0.41 × 0.29 m, and 7 × 7 m, respectively. The weights of 
(10a) were selected as γu = 0.01 and γe = 5, ∀e ∈ I4

1 , i.e., 
all targets are equally valuable for the robot team.

As stated in Sect. 2, we employed a synthetic agent to 
represent the human, which operates independently from 
the robots. Its use allows for a deeper evaluation of the pro-
posed scheme as data can be generated to study the method 
in a multitude of circumstances. The actions of the synthetic 
agent are determined by a policy π∗ : S → ∆N . The dataset 
D used in the AIRL training process discussed in Sect. 3.1 is 
generated using π∗.

The effectiveness of ARMCHAIR was evaluated by 
comparing it to two baselines:

(a)	 open-loop MIP: An open-loop version of our algorithm, 
where the optimization is solved once at the start of the 
mission considering the most likely trajectory of the 
human given by π̂;

(b)	 No robot support: The human performs the task without 
robot support.

A comparison to the baseline without any robot support 
allowed us to evaluate the influence of proper robot support 
on the task. Furthermore, by comparing ARMCHAIR with 
an open-loop MIP approach, we aimed to investigate the 
impact of the closed-loop strategy employed by the former 
method, where trajectories and decisions are periodically 
updated, as opposed to the latter, where a single optimiza-
tion is performed at the start of the mission.

Since the actions of the simulated human are stochastic, 
we performed a Monte Carlo evaluation considering 1000 
simulations in each environment. To illustrate the perfor-
mance of ARMCHAIR compared to the baseline methods in 
each environment, we first highlight several representative 
simulations in detail (recordings of all 1000 simulations are 
available in the supplementary material).2 We then present 
statistical analysis across all simulations considering the 
following metrics: average number of collisions, network 
disconnections, targets visited, and redundant target visita-
tions, where a target is visited twice in the same simulation 
due to a conflict in target allocation.

The MILP optimization problem was formulated using 
the Yalmip [51] and MPT [52] toolboxes. The Gurobi [53] 
solver was used to compute the solutions.

2  ​h​t​t​p​​s​:​/​​/​g​i​t​​l​a​​b​.​c​​o​m​/​c​​a​r​e​​g​n​a​​t​o​_​​n​e​t​​o​_​o​p​​e​n​​/​A​R​M​C​H​A​I​R.

(10k) is rewritten to employ the shrunk region when consid-
ering connectivity with the human, ∀i ∈ Ina

1 , ∀ℓ ∈ IN̄−1
0 , 

j = na + 1, 

bcon
i,j (ℓ + 1|k) =⇒ yi(ℓ|k) − yj(ℓ|k) ∈ C̄� (14)

4  Results

We evaluated the proposed scheme considering two envi-
ronment configurations with four obstacles, one terminal 
region, and a maximum of four targets. Environment 1 was 
designed to investigate the functionality of ARMCHAIR in a 
situation where the targets are sparsely distributed, whereas 
environment 2 contains closely grouped targets that repre-
sent a more challenging problem in terms of human behav-
ior prediction and appropriate robot response.

In both scenarios, the simulated human is supported 
by a group of na = 2 robots with discrete-time dynamics 
described by (1) and (2) with following state-space matrices 

Ai =




1 T 0 0
0 0 0 0
0 0 1 T
0 0 0 0


 , Bi =




0.5T 2 0
T 0
0 0.5T 2

0 T


 ,� (15)

and a sampling period of T = 1 s. The states are 
xi = [rx,i, vx,i, ry,i, vy,i]⊤, ∀i ∈ Ina

1 , where rx,i and ry,i 
are the positions of robot i in the x and y axes, respectively, 
and vx,i and vy,i are the corresponding velocities; the input 
ui = [ax,i, ay,i]⊤, ∀i ∈ Ina

1 , is comprised of the corre-
sponding accelerations. Although simplified, this choice of 
dynamics model for motion planning has been successfully 
demonstrated in experiments with real robots using MPC-
MIP setups [5]. The velocity and acceleration of the robots 
are bounded to the intervals [0, 2.5] m/s and [−5, 5] m/s2, 
respectively. A circular connectivity region with radius 4 m 

Fig. 4  Safety region around the human to be avoided by the MRS
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the robots can move over targets without collecting them, 
as it was done in simulation 41 by robot 2, when it moved 
through target 1 to reach other regions without collecting 
the corresponding target reward. Simulation 101 depicts a 
similar situation, where the human visits target 3 but also 
decides to capture target 4 (Fig. 6f and 6g). As a result, 
ARMCHAIR updates the trajectory of robot 2, steering it 
away from the bottom right-hand side region, clearing the 
path for the human to finish the mission while robot 1 pre-
serves the connectivity of the group.

Confirming the insights based on representative simu-
lations, ARMCHAIR demonstrated superior performance 
compared to both baselines across all 1000 simulations 
(Table 1). In particular, ARMCHAIR provided proper 
responses to the uncertainty in human behavior, as no net-
work disconnections or redundant visits occurred, whereas 
such issues were present in the open-loop MIP case. The 
average number of redundant visits was particularly high 
(0.43) for open-loop MIP, due to the incapability of the 
open-loop planner to update trajectories and allocation of 
tasks in real-time. ARMCHAIR also produced few col-
lisions (on average 0.001 collisions per simulation) com-
pared to the open-loop MIP (0.58 collisions per simulation) 
which was unable to adapt to the human deviating from 
the initially estimated trajectory. ARMCHAIR was unable 
to prevent all collisions even though a safety region was 
employed. This occurs in situations where the optimization 
problem becomes unfeasible due to the uncertain behavior 
of the human. Such circumstances trigger an emergency 
stop and robot team is not allowed to move until the prob-
lem becomes feasible again. Potential solutions to this issue 
are discussed in Section 5. In terms of efficiency, all targets 
were visited when the open-loop and ARMCHAIR planners 
were used, as opposed to the case where the human operated 
alone (2.7). However, only ARMCHAIR prevented redun-
dant visits.

Remark 3  The scenarios where the human “collided” with a 
robot after is emergency stop due to infeasibility were con-
sidered as collisions in our analysis for the sake of rigor. 
However, the fact that a human enters a cell occupied by 
a robot does not necessarily means that a collision occur 
since the grid representation is an abstraction used by ARM-
CHAIR, i.e., in reality the human can be anywhere in the 
cell (not necessarily in its center), and it is reasonable to 
assume that the operator has the basic capability of avoiding 
a collision with a static object.”

4.2  Environment 2: Grouped Target Distribution

In the environment with grouped targets, the initial pre-
diction from the learned policy (Fig. 7a) indicates that the 

4.1  Environment 1: Sparse Target Distribution

We found that in the sparse environment, open-loop MIP 
produces frequent redundant visits to targets in cases when 
the human deviated from the initially most likely course of 
action. For instance, in simulation 2 out of 1000 at the initial 
time step (Fig. 5a) the learned policy π̂ predicted a trajec-
tory where the human visits only the preferred targets 1 and 
2, ignoring the remaining ones. In response, the open-loop 
MIP dispatched robot 2 to visit targets 3 and 4, while robot 
1 maintained the connectivity between the human and robot 
2. However, after 21 s (Fig. 5b) the human drifted from the 
initial prediction by visiting all targets, resulting in redun-
dant visits of targets 3 and 4 which were reached both by the 
human and robot 2.

Conversely, we observed that the redundant visits were 
completely prevented when the agents operated using the 
ARMCHAIR algorithm, as illustrated by simulations 41 
and 111 out of 1000 in Fig. 6a to 6h. Simulation 41, shows 
a significant detour (Fig. 6b and 6c) where the human dem-
onstrates its intention to visit target 3 by moving down-
wards instead of upwards. ARMCHAIR promptly updates 
the trajectories of robot 1, stopping it for a few time steps 
allowing the human to move away from the region around 
target 4, and then dispatching robot 2 to visit it. We note that 

Fig. 5  Example simulation of the open-loop MIP baseline in environ-
ment 1 (Sparse target distribution): initial (a) and final (b) time steps 
for simulation 2 out of 1000. Solid and dashed lines represent the 
actual motion (observed) and predictions of each agent, respectively. 
The human prediction is computed using only the initial conditions 
(open-loop) and π̂. The prediction suggests that only targets of type 
B will be visited by the human and the robots are dispatched to the 
remaining ones. In (b) we observe redundant visits to targets 3 and 4 
(type A) since the human deviates from the prediction
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when the human behavior predictions are imperfect. In 
simulation 25 out of 1000, the prediction that the human 
will visit all targets is maintained until time step 14 (Fig. 
8b), and the robots operate very similarly to the open-loop 

human is likely to visit all targets in the environment since 
they are close to each other. Consequently, the robots are 
dispatched only to maintain connectivity. After 12 seconds 
(Fig. 7b) we observed that the human deviates from the pre-
dictions, choosing to visit only targets 1 and 2 and finish the 
mission by reaching the terminal region. This result illus-
trates a distinct issue with the open-loop MIP approach: if in 
the initial prediction all targets are assigned to be likely vis-
ited by the human and a deviation occurs, the robot team is 
unable to update its decisions and motion to compensate for 
unexpected human behavior, yielding worse performance in 
the mission.

The simulation results in Fig. 8 show how ARMCHAIR 
is able to enhance the performance in the mission even 

Table 1  Performance of ARMCHAIR compared to the baseline meth-
ods in environment 1 (Sparse target distribution). Each metric is repre-
sented by mean and 95% bootstrap confidence intervals (CI) for 1000 
simulations

Collisions Disconnections Targets Redundant 
visits

ARM-
CHAIR

Mean 0.001 0.0 4.0 0.0

CI (0.0,0.003) (0.0,0.0) (4.0,4.0) (0.0,0.0)
Open-
loop 
MIP

Mean 0.58 0.02 4.0 0.43

CI (0.53,0.63) (0.01,0.03) (4.0,4.0) (0.40,0.47)
No 
robot 
support

Mean N\A N\A 2.7 N\A

CI (2.6,2.7)

Fig. 7  Example simulation of the open-loop MIP baseline in envi-
ronment 2 (Grouped target distribution): initial (a) and final (b) time 
steps for simulation 1 out of 1000. Solid and dashed lines represent 
the actual motion (observed) and predictions of each agent, respec-
tively. The human prediction is computed using only the initial condi-
tions (open-loop) and π̂. The prediction suggests that all targets will be 
visited by the human and the robots are dispatched only to maintain 
connectivity. In (b) we observe that the human decides to ignore the 
targets of type a deviating from the initial prediction. As a result, the 
human-robot team provides inferior performance in the mission

 

Fig. 6  Example simulation of 
ARMCHAIR in environment 
1 (Sparse target distribution): 
four time steps of simulations 
41 and 111 out of 1000. Solid 
and dashed lines represent the 
observed motion and predictions 
of each agent, respectively. The 
ARMCHAIR algorithm allows 
the replanning of the robot’s tra-
jectories and target assignments, 
preventing any redundant visits 
when the human deviates from 
the initial prediction
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updated accordingly. ARMCHAIR reacts by planning a tra-
jectory for robot 2 in which it visits the remaining targets 3 
and 4, while robot 1 maintains connectivity.

These observations are supported by the statistical 
results presented in Table 2. As in the first environment, 
ARMCHAIR was able to maintain the network connected 
in all simulations, whereas an average of 0.181 disconnec-
tions occurred when the open-loop MIP scheme was used. 
Although no redundant visits were registered with either 
approach, ARMCHAIR provides a higher average num-
ber of target reward collections (3.444) than the open-loop 
algorithm (2.384). Better performance in terms of average 
reward collection is achieved with the robot team is used as 
opposed to the case without support, for which the average 
was (2.393).

We also observed that ARMCHAIR performed worse in 
terms of collision avoidance in environment 2. This result 
stems from the increased complexity of the motion plan-
ning problem in this scenario due to the tight placement of 

MIP case. Unexpectedly, the human decides not to capture 
target 2 even though it was properly positioned to do so. By 
moving upwards at time step 15 (Fig. 8c) the human indi-
rectly declares its intention to finish the mission without vis-
iting the remaining targets, and the predictions are readily 
updated with the human going directly towards the terminal 
cell. Even with this unexpected behavior of the human and 
the small window of time remaining in the mission, ARM-
CHAIR was able to update trajectories for robots 1 and 2 
such that targets 4 and 2 were visited (Fig. 8d). The observed 
behavior illustrates how the ARMCHAIR algorithm enables 
the robot group to identify in real time whether the human 
intends to finish the mission alone or if their support is nec-
essary to improve the attained performance in the task.

In simulation 184 out of 1000, the human presented a 
more conventional behavior, visiting the preferred targets of 
type B (Fig. 8f) but again deviating from the initial predic-
tion. Fig. 8g shows that after visiting target 2, the human 
moves towards the terminal cell and the predictions are 

Fig. 8  Example simulation of ARMCHAIR in environment 2 (Grouped 
target distribution): four time steps of simulations 25 and 184 out of 
1000. Solid and dashed lines represent the observed motion and pre-
dictions of each agent, respectively. In this case, the replanning capa-

bilities provided by the ARMCHAIR algorithm allow the robots to 
quickly adapt to compensate for an unexpected change in the behavior 
of the human, who decides to ignore targets that are easily accessible. 
As a result, all targets are visited at the end of the mission
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demonstrating its effectiveness through experiments with 
humans. However, both of these solutions are still depen-
dent on frequent human inputs. In [44], for example, the 
necessity of the human operator to divide their attention 
between sending messages to the robot team and working 
on the mission was reported as an open issue. ARMCHAIR 
addresses this gap by actively predicting and adapting to 
the operator based solely on the observed human behavior. 
Thus, our approach has an extra degree of autonomy that 
allows the operator to concentrate on performing the mis-
sion, without the necessity of explicitly directing the actions 
of the robot team.

Due to the novelty of the proposed integration, ARM-
CHAIR is still bound by a few limitations. For example, its 
receding horizon formulation lacks a formal demonstration 
of recursive feasibility and has no active method to handle 
unfeasibility, simply commanding the robots to stop moving 
until the problem becomes feasible again. Regarding com-
putational complexity, since the human is introduced into 
the MILP as another agent (over which the optimization has 
no authority), the model’s complexity increases similarly to 
the cases where pure robot teams were used. The tractability 
of such problems has been experimentally demonstrated for 
teams of five robots [5]. However, this centralized formula-
tion may quickly become intractable for receding horizon 
schemes due is poor scalability capabilities. The simulation-
based evaluations presented illustrate that the integration of 
MPC-MIP and AIRL for human-robot teaming algorithms 
is promising. However, further investigation with thorough 
experimental demonstrations involving real humans, as per-
formed in [44] considering similar exploration missions, is 
still required.

In future works, the investigation of conditions for for-
mal demonstrations of theoretical properties, in particular 
recursive feasibility, should be addressed. Furthermore, the-
oretical guarantees of collision avoidance should be inves-
tigated with the introduction of methods such as constraint 
tightening [54] or contingency MPC [50, 55]. Reactive 
strategies, such as inner potential field control laws, could 
be devised to handle the occasional collisions that occur due 
to infeasible optimization problems. The human prediction 
model can be refined to address more complex concepts, 
such as intentions and visual perceptions; the modeling of 
the human motion could also be improved, allowing for 

targets, which requires the group to operate in close prox-
imity. Furthermore, the results indicate that the open-loop 
MIP scheme outperformed ARMCHAIR in terms of colli-
sion avoidance in this particular environment. This occurs 
because the robot team is not dispatched to visit any tar-
gets when the open-loop approach is employed (See Fig. 
7). As a result, the robots typically remain far away from 
the human and collisions are less likely. Conversely, ARM-
CHAIR consistently updates the trajectories and decisions 
of the robots to improve performance. This is illustrated by 
its superior average of visited targets: 3.444 from ARM-
CHAIR against 2.384 from open-loop MIP. Consequently, 
they are occasionally steered towards targets closer to the 
human, increasing the likelihood of collisions.

5  Discussion and Conclusion

This paper presented ARMCHAIR, a novel architecture for 
human-robot collaboration that leverages the integration of 
AIRL and MPC. Through extensive Monte-Carlo simula-
tion trials, we demonstrated that the scheme provides proper 
adaptive trajectories and decision-making, in the form of 
target allocations, for a group of robots supporting a human 
in an exploration mission.

ARMCHAIR was successful in both: a) coordinating the 
motion of the robot team, preventing most collisions and 
network disconnections; and b) autonomously identify-
ing if the operator requires support based on the observed 
behavior and current mission circumstances. This was made 
possible by the adaptive decision-making provided by the 
MPC-MIP scheme, which improved performance by pre-
venting overlaps in the allocation of targets to robots and 
the human.

The achieved results illustrate that ARMCHAIR pro-
vides distinct capabilities compared to most of the literature 
on human-robot collaboration with mobile robots. Excel-
lent solutions for social navigation (coordination) between 
robots and humans are found in [6, 7, 36, 38–41]. However, 
the scenarios considered in this paper require the extra capa-
bility of harmonious collaboration towards the same global 
objective. The ensuing joint problem of human-robot tra-
jectory planning and decision-making has been successfully 
addressed in [42] and [44], with the latter work thoroughly 

Collisions Disconnections Targets Redundant visits
ARMCHAIR Mean 0.013 0.0 3.444 0.0

CI (0.007,0.02) (0.0,0.0) (3.398,3.489) (0.0,0.0)
Open-loop MIP Mean 0.004 0.181 2.384 0.0

CI (0.001,0.008) (0.157,0.205) (2.354,2.415) (0.0,0.0)
No robot support Mean N\A N\A 2.393 N\A

CI (2.362,2.424)

Table 2  Performance of 
ARMCHAIR compared to the 
baseline methods in environment 
2 (Grouped target distribution). 
Each metric is represented by 
mean and 95% bootstrap con-
fidence intervals (CI) for 1000 
simulations
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Notice that by penalizing movement we intend to intro-
duce time pressure into the cost that drives the behavior of 
the synthetic human such that its decisions are not to trivi-
ally reach all targets in all situations. This penalization mod-
els a sense of urgency that can be potentially present in the 
demeanor of the human depending on the environment and 
circumstances.

We employ the same PPO setup as in [32] with γ = 0.999. 
The training employs new randomly generated environments 
similar to the one depicted in Fig. 6. For each environment, 
the maximum number of targets is nt ∼ U(0, 4). The num-
ber of target of type B and A is computed as nB ∼ U(0, nt) 
and nA = nt − nB , respectively. The initial position is also 
randomized for each scenario, being uniformly distributed 
over all cells that are not targets or obstacles. The position of 
the obstacles and terminal region remains fixed. The human 
does not consider the robot’s support explicitly but rather 
reacts indirectly, through their impact on the environment, 
e.g., capture of targets.

After running the algorithm for 16 × 105 steps, the syn-
thetic agent’s policy π∗ : S → ∆N  is computed, where ∆A 
is a probability distribution over all actions. Finally, π∗ is 
used to generate a set of 8000 trajectories, D, representing 
the human navigation in different environments.

Appendix B AIRL training

Table B2 presents the hyperparameters used in the AIRL train-
ing. The employed AIRL hyperparameters are slight modifica-
tions, determined through trial-and-error, from the parameters 
employed in [32]. We evaluate the performance of the recov-
ered policy by comparing the trajectories generated by π̂ and 
π∗ in 1000 new environments built randomly using the same 
procedure discussed in Appendix A. Table B3 summarizes the 
results in terms of average length of the trajectory, number of 
targets of type A and B visited, collisions, and return over the 
ground truth rewards considering the trajectories achieved 
using the synthetic human agent and the recovered policies.

The results show that the policy recovered by the AIRL 
algorithm generates useful predictions of the human agent. 
The resulting average trajectory lengths are very similar, 

variable velocities and smoother movement predictions 
that would reduce the conservatism in the MRS trajecto-
ries. Alternative methodologies for robustness could also be 
explored, reducing conservatism by tolerating risk [56, 57]. 
Distributed MIP schemes could be investigated to address 
the scalability issues.

The use of a) demonstrations with direct interaction 
between robots and humans and b) insights from psychol-
ogy and cognitive modeling can enable the development 
of a model with enhanced capabilities, such as predictions 
considering learned human biases. Longitudinal trials using 
real humans and robots are necessary to further validate the 
effectiveness of the proposed architecture due to issues such 
as co-adaptation [58, 59].

Overall, this work demonstrates that the integration of 
AIRL and MPC-MIP in ARMCHAIR yields a platform that 
already provides notable capabilities for human-robot col-
laboration and can be further refined to become an enabling 
technology for safe, harmonious, and efficient human-robot 
teaming in the future.

Appendix A Synthetic Human Agent

As a surrogate for the human, we employ a reinforcement 
learning agent trained using Proximal Policy Approxima-
tion (PPO) on the ground truth rewards detailed in Table 
A1. Its actions represent movement in the north, south, 
west, and east directions, as well as a collection that 
allows the agent to capture target rewards. The relative 
value of the targets to the human is represented by the 
rewards RA > 0 and RB > 0, with RB > RA. Thus, it 
has a preference for the type B. The division of targets 
into two types without a specific meaning was deliberate, 
since we aimed to achieve a general model where the par-
ticular meaning of a region can be determined depending 
on the context or application given by the user. They can 
be interpreted in many ways considering a human: one 
region is a risky task which the human prefers to avoid, 
whereas the other is a safe one; one can be a laborious 
task that the human also avoids if in a hurry, while the 
other requires less work. The rewards can only be col-
lected at most once. There are three types of penaliza-
tion: collisions with walls and obstacles, movement, and 
failure in reaching the terminal region in the required 
number of steps, they are represented by the quantities 
RC < 0, RM < 0, and RF < 0, respectively.

Table A1  Ground-truth rewards and penalizations for the synthetic 
human agent

RA RB RC RM RF

Value 0.5 1.0 −1.0 −0.1 −20

Table B2  AIRL hyperparameters
Hyperparameter Value
Learn. rate discr. 4e−4
Learn. rate gen. 4e−4
Batch size discr. 256
Batch size gen. 8
Environment steps 3.5e6
ϵ-clip 0.1

γ 0.999
PPO epochs 5
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