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Abstract—The flocking motion control is concerned with man-
aging the possible conflicts between local and team objectives
of multi-agent systems. The overall control process guides the
agents while monitoring the flock-cohesiveness and localization.
The underlying mechanisms may degrade due to overlooking the
unmodeled uncertainties associated with the flock dynamics and
formation. On another side, the efficiencies of the various control
designs rely on how quickly they can adapt to different dynamic
situations in real-time. An online model-free policy iteration
mechanism is developed here to guide a flock of agents to follow
an independent command generator over a time-varying graph
topology. The strength of connectivity between any two agents
or the graph edge weight is decided using a position adjacency
dependent function. An online recursive least squares approach
is adopted to tune the guidance strategies without knowing the
dynamics of the agents or those of the command generator. It is
compared with another reinforcement learning approach from
the literature which is based on a value iteration technique.
The simulation results of the policy iteration mechanism revealed
fast learning and convergence behaviors with less computational
effort.

Index Terms—robotics, multi-agent, reinforcement learning,
control systems, machine learning

I. INTRODUCTION

Cooperative control schemes can sometimes be challenged
by the increasing complexity of the dynamics and connectivity
of their underlying systems [1]. This can be manifested in
many applications where conflicting objectives may coexist,
such as fleets of self-driving vehicles, unmanned aircraft,
and large warehouse robots [2], [3]. The autonomy of such
interacting systems relies on how well the pre-tuned control
strategies can cope with the unmodeled dynamics or even
perform under unexpected operational scenarios. Many dis-
tributed control approaches have been investigated and widely
adopted in this domain [4], [5]. The flocking motion control
problem is one category of these problems where each agent
decides its action based on a compromise between a set of
competing, and possibly conflicting, objectives [6]. In the
context of the current manuscript, The objectives of the flock
control scheme can be summarized as the guidance of agents
towards a common goal, preventing collision among the flock
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by imposing a minimum safety distance between the agents,
and the cohesion of the flock members towards a common
speed [7], [8]. Herein, a model-free Reinforcement Learning
(RL) process is used to develop a control strategy to guide
agents communicating over a time-varying graph topology.
Further, the control strategies are adapted online in real-time
without prior knowledge of the agent dynamics. This research
integrates ideas from optimal control, adaptive control, graph
theory, reinforcement learning, and fuzzy logic to solve the
aforementioned flocking motion control problem.

The study of multi-agent systems pertains to the behavior
analysis of a large number of agents, such as flocks of flying
birds and fish schools. Since the early works in [9], [10],
researchers have been reflecting back these ideas to develop
distributed control approaches for cooperative systems. Dis-
tributed estimators have been employed to solve a leader-
follower tracking problem under noisy environments in [11].
Sliding surface control is a common approach that is used to
handle the coordination tasks within multi-agent systems [11].
Adaptive control mechanism is used to trace the peaks of
unknown fields for a multi-agent system under uncertain
environments in [12]. A server-based approach is employed
to control a group of embedded control systems in [13].
Another distributed control scheme is developed by combining
consensus algorithms and attraction/repulsion potential func-
tions in [14]. The consensus control problems for multi-agent
systems communicating over fixed graph topologies are solved
using pinning gain control ideas in [15]–[17].

Machine learning provide useful tools like reinforcement
learning, fuzzy systems, and neural networks which are em-
ployed to solve many adaptive control problems [18], [19].
The RL processes enable the agent to learn the best strategy-to-
follow through interactions with its dynamic environment [20].
This is often done using one of two two-step techniques
known as Value Iteration (VI) and Policy Iteration (PI). The
implementation of these techniques is often performed using
means of adaptive critics [21]. PI processes are developed
for systems interacting over graphs using actor-critic neural
structures in [22], [23]. On a relevant side, fuzzy logic is
applied to solve control problems for systems of imprecise,
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vague, or uncertain dynamics. It provides not only a way of
involving the designer experience in solving such problems
but it can also lead to a balanced strategy for the conflict-
resolution of multiple optimization criteria [24]. Fuzzy logic
is employed to develop an obstacle avoidance scheme to solve
a leader-follower problem in [25], [26]. A fuzzy logic scheme
based on an extended Takagi-Sugeno-Kang (TSK) inference
system is introduced in a collision-avoidance task in a flock
motion control application [8]. A combined Fuzzy-RL system
is tested in [27] for the online tuning of the rule consequences
of a zero-order TSK fuzzy system.

The implementation of PI solutions using regression models,
like the online and offline least squares methods, may result
in unstable computational processes [28], [29]. This problem
becomes more challenging when a multi-agent system is
considered where it is required to solve a set of coupled
Bellman optimality equations simultaneously [30]. Recursive
least squares (RLS) regression approaches provide adequate
mechanisms to handle such concerns taking into account the
online processing of the sensory data feedback [31]. The RLS
approach has been utilized in many applications, like in real-
time signal processing and channel equalization [32], [33],
adaptive control [34], and wireless communication [35], to
name a few. A generalized data estimator that is based on RLS
is employed for data analysis, mining and prediction in [36].
The RLS technique exhibited better convergence features and
faster parameter tracking abilities when compared with other
gradient-based search techniques [33]. A distributed estimator
based on a communication diffusion algorithm is developed to
optimize a global RLS criteria for a multi-agent system in [37].
RLS is applied to tune neuro-fuzzy structures for different
optimization applications and adaptive systems [38]–[41]. A
self-tuning scheme based on RLS learning approach is used
to adapt the fuzzy rules of a TSK fuzzy system in [39]. A
generalized RLS approach is adopted to train a neural network
structure in [42].

The paper tackles the problem of flock motion control. The
contributions of this work are two-fold: First, a PI approach is
advised to solve a set of coupled Bellman optimality equations
in real-time. This is accomplished to adapt tracking strategies
in a distributed fashion without any prior knowledge of the
agents’ dynamics. Second, an algorithm based on RLS is
employed to implement the PI solution. The proposed solution
offers faster convergence features when compared with a
similar method based on a VI process [27]. The current
work considers a time-dependent connectivity graph among
the agents, unlike the fixed connectivity assumed in [27]. The
remaining of the paper is organized as follows: Section II
introduces the task in hand casted as an optimization problem
along with a high-level overview of the proposed motion
control approach. The control structure is described in details
in Sections III to V. Section VI validates the proposed method
through a number of test cases. Finally, Section VII offers
some concluding remarks.

II. PROBLEM FORMULATION

The problem in hand is to control the motion of 𝑀-
agents communicating over an undirected time-varying graph
topology. The objective is to guide the flock members to
follow a leader while satisfying the following requirements
simultaneously: 1) avoid collision between neighboring agents;
and 2) adjust the velocities of agents to reach a consensus on
common flock velocity. The leader 𝜏 ∈ {1, 2, . . . , 𝑀} could be
an independent command source as well as a virtual dynamic
trajectory. The leader’s dynamics are independent of those of
the followers. Hence, this problem is generalizable to different
classes that range from guidance of unmanned vehicles to
solving pursuer-evader games.

The dynamics of each agent are approximated by

𝒈𝑖𝑘+1 = 𝒈𝑖𝑘 + 𝑇 𝒉𝑖𝑘 𝒉𝑖𝑘+1 = 𝒉𝑖𝑘 + 𝑇 𝒄𝑖𝑘

where 𝒈𝑖
𝑘

= [𝑥𝑖
𝑘
𝑦𝑖
𝑘
]𝑇 ∈ R2 and 𝒉𝑖

𝑘
= [𝑣𝑖,𝑥

𝑘
𝑣
𝑖,𝑦

𝑘
]𝑇 ∈ R2

represent the position and linear velocity at discrete time
step 𝑘 ∈ N, respectively, 𝑇 is the sampling period, and
𝒄𝑖
𝑘

= [𝑐𝑖,𝑥
𝑘
, 𝑐

𝑖,𝑦

𝑘
]𝑇 ∈ R2 is the control signal vector of

agent 𝑖 ∈ {1, 2, . . . , 𝑀}. Agent i receives different measure-
ments at time-step 𝑘 and hence generates a corresponding
overall control signal 𝒄𝑖

𝑘
.

The local objective of the flock members is to keep a desired
safety distance between each agent 𝑖 and its neighbors. The
team objectives involve reaching a consensus on flock-velocity
and that the agents maintains an average proximity 𝑑𝑡 from
the leader. The objectives can be formally described by the
following relations for each agent 𝑖 ∈ {1, . . . , 𝑀} \ {𝜏} and
𝛾 ∈ {𝑥, 𝑦}:

lim
𝑘→∞

( ∑︁
𝑖∈{1,...,𝑀 }\{𝜏}



𝒈𝑖𝑘 − 𝒈𝜏𝑘


)/ (

𝑀 − 1
)
= 𝑑𝑡 (1a)

lim
𝑘→∞

���𝛾𝑖𝑘 − 𝛾 𝑗

𝑘

��� ≥ 𝑠, ∀ 𝑗 ∈ M𝑖 (1b)

lim
𝑘→∞

𝑣
𝑖,𝛾

𝑘
= 𝑣∼,𝛾 (1c)

whereM𝑖 is the set of neighborhood agents of agent 𝑖, 𝑠 is the
desired safety distance between each agent and its neighbors,
and 𝑣∼,𝛾 is the flock’s consensus speed. The significance of
𝛾 is to articulate that the 𝑥 and 𝑦-components of the different
signals are treated in a similar fashion. To reflect the system
objectives, the control command of each agent 𝑖 ∈ {1, . . . , 𝑀}\
{𝜏} is formulated as an aggregate of three auxiliary control
signals as

𝑐
𝑖,𝛾

𝑘
= 𝑐

𝑖,𝛾

𝑡 ,𝑘
+ 𝑐𝑖,𝛾

𝑣,𝑘
+ 𝑐𝑖,𝛾

𝑑,𝑘
. (2)

The tracking control signal 𝑐𝑖,𝛾
𝑡 ,𝑘

is decided as a function of the
positions of each follower and leader, 𝑐𝑖,𝛾

𝑡 ,𝑘
= 𝑓 𝑖𝑡 ,𝛾 (𝛾𝑖 , 𝛾𝜏).

The signal 𝑐𝑖,𝛾
𝑣,𝑘

achieves a consensus on a common flock
velocity in real-time. This signal is determined in terms of
the positions and velocities of each agent and those of its
neighbors 𝑐

𝑖,𝛾

𝑣,𝑘
= 𝑓 𝑖𝑣,𝛾 (𝑣

𝑖,𝛾

𝑘
, 𝑣

𝑗 ,𝛾

𝑘
, 𝛾𝑖

𝑘
, 𝛾

𝑗

𝑘
), ∀ 𝑗 ∈ M𝑖 . The

separation control signal 𝑐𝑖,𝛾
𝑑,𝑘

is applied to maintain a desired
separation distance between the agents. This value relies on a



function of the positions of each follower and its neighbors,
such that

𝑐
𝑖,𝛾

𝑑,𝑘
= 𝑓 𝑖𝑑,𝛾 (𝛾

𝑖
𝑘 , 𝛾

𝑗

𝑘
) =

∑
𝑗∈M𝑖

𝑐
𝑖 𝑗 ,𝛾

𝑑,𝑘

|M𝑖 |
, (3)

where |M𝑖 | denotes the cardinality ofM𝑖 and 𝑐𝑖 𝑗 ,𝛾
𝑑,𝑘

represents
the partial contribution of the separation control decision taken
by agent 𝑖 due to each agent 𝑗 ∈ M𝑖 .

The communication information between the agents are
exchanged over a time-varying graph topology, where the
position and velocity neighborhood measurements are avail-
able locally to each agent. Further, the measurements related
to the leader are accessed by the flock members. Due to
the competing nature of the different objectives, due to their
possibly conflicting nature, there is a compromise to be made
so that the control action taken by each agent balances such
conflicting goals. Hence, the control algorithm continuously
updates the underlying strategies to improve the quality of
attempted strategies.

III. TRACKING CONTROL STRATEGY

The section introduces a model-free policy iteration process
to compute the tracking control strategy 𝑐𝑖,𝛾

𝑡 ,𝑘
for each agent 𝑖 to

satisfy objective (1a). This is accomplished in real-time and
without knowing the dynamics of the leader or any of the
followers.

A. Optimization Framework

The optimal control framework advises the tracking strategy
while relying on tracking error measurements between the
positions of the leader and agents. Each agent 𝑖 uses an error
vector where it stores the three recent tracking error measure-
ments 𝒁𝑖,𝛾

𝑘
= [𝛾𝑖

𝑘
−𝛾𝜏

𝑘
, 𝛾𝑖

𝑘−1−𝛾
𝜏
𝑘−1, 𝛾

𝑖
𝑘−2−𝛾

𝜏
𝑘−2]

𝑇 ∈ R3. The
number of error instances in that vector can be customized by
the designer in order to balance between the required accuracy
and complexity of the problem. Herein, a time window of three
most recent error samples is found to be sufficient for the task
in hand. The goal is to adapt the tracking strategies in order
to annihilate the average tracking error 𝜖𝑡 , which is defined as

𝜖𝑡 =

( ∑︁
𝑖∈{1,...,𝑀 }\{𝜏}



𝒈𝑖𝑘 − 𝒈𝜏𝑘


)/ (

𝑀 − 1
)
− 𝑑𝑡

A performance index 𝜍
𝑖,𝛾

0 =
∑∞

𝑘=0𝑊
𝑖,𝛾

𝑘
(𝒁𝑖,𝛾

𝑘
, 𝑐

𝑖,𝛾

𝑡 ,𝑘
) is consid-

ered to evaluate the quality of the tracking strategy at each
time step for agent 𝑖, where 𝑊 𝑖,𝛾

𝑘
is a convex quadratic utility

function given by

𝑊
𝑖,𝛾

𝑘
(𝒁𝑖,𝛾

𝑘
, 𝑐

𝑖,𝛾

𝑡 ,𝑘
) = 1

2

[
𝒁𝑖,𝛾𝑇

𝑘
𝑱𝑖𝒁𝑖,𝛾

𝑘
+ 𝐾 𝑖 (𝑐𝑖,𝛾

𝑡 ,𝑘
)2

]
, (4)

where 0 < 𝑱𝑖 ∈ R3×3 and 0 < 𝐾 𝑖 ∈ R are weighting matrices
for the tracking errors and control signal. The inequality
symbols “> 0” and “≥ 0” refer to positive definite and positive
semi-definite matrices, respectively.

The optimal control goal is to select the tracking strategy
that minimizes the performance index 𝜍 𝑖,𝛾 over the infinite
horizon. First, a quadratic solving value function is assumed

so that 𝑄𝑖,𝛾 (𝒁𝑖,𝛾

𝑘
, 𝑐

𝑖,𝛾

𝑡 ,𝑘
) ≜ 𝜍 𝑖,𝛾

𝑘
. The structure of function 𝑄𝑖,𝛾

is motivated by that of the utility function, such that

𝑄𝑖,𝛾 (𝒁𝑖,𝛾

𝑘
, 𝑐

𝑖,𝛾

𝑡 ,𝑘
) = 1

2

[
𝒁𝑖,𝛾

𝑘

𝑇
𝑐
𝑖,𝛾

𝑡 ,𝑘

]
𝑮𝑖,𝛾

[
𝒁𝑖,𝛾

𝑘

𝑐
𝑖,𝛾

𝑡 ,𝑘

]
such that, 𝑮𝑖,𝛾 ≡


𝑮𝑖,𝛾

𝒁 𝑖,𝛾𝒁 𝑖,𝛾 𝑮𝑖,𝛾

𝒁 𝑖,𝛾𝑐
𝑖,𝛾
𝑡

𝑮𝑖,𝛾

𝑐
𝑖,𝛾
𝑡 𝒁 𝑖,𝛾

𝑮𝑖,𝛾

𝑐
𝑖,𝛾
𝑡 𝑐

𝑖,𝛾
𝑡

 ∈ R4×4

where 𝑮𝑖,𝛾 > 0, 𝑮𝑖,𝛾

𝑐
𝑖,𝛾
𝑡 𝑐

𝑖,𝛾
𝑡

∈ R, and 𝑮𝑖,𝛾

𝑐
𝑖,𝛾
𝑡 𝒁 𝑖,𝛾

∈ R1×3.

This solving structure along with the infinite-horizon perfor-
mance index yield a temporal difference (Bellman) equation
that is given by

𝑄𝑖,𝛾 (𝒁𝑖,𝛾

𝑘
, 𝑐

𝑖,𝛾

𝑡 ,𝑘
) = 𝑊 𝑖,𝛾

𝑘
(𝒁𝑖,𝛾

𝑘
, 𝑐

𝑖,𝛾

𝑡 ,𝑘
) +𝑄𝑖,𝛾 (𝒁𝑖,𝛾

𝑘+1, 𝑐
𝑖,𝛾

𝑡 ,𝑘+1). (5)

Hence, Bellman’s optimality condition is applied
to find the optimal tracking strategy 𝑐

𝑖,𝛾 (∗)
𝑡 ,𝑘

=

arg min
𝑐
𝑖,𝛾

𝑡,𝑘

(
𝑄𝑖,𝛾 (𝒁𝑖,𝛾

𝑘
, 𝑐

𝑖,𝛾

𝑡 ,𝑘
)
)
. Thus,

𝑐
𝑖,𝛾 (∗)
𝑡 ,𝑘

= −
(
𝑮𝑖,𝛾

𝑐
𝑖,𝛾
𝑡 𝑐

𝑖,𝛾
𝑡

)−1
𝑮𝑖,𝛾

𝑐
𝑖,𝛾
𝑡 𝒁 𝑖,𝛾

𝒁𝑖,𝛾

𝑘
. (6)

Applying (6) into (5) yields the Bellman optimality equation

𝑄𝑖,𝛾 (∗) (𝒁𝑖,𝛾

𝑘
, 𝑐

𝑖,𝛾 (∗)
𝑡 ,𝑘
) = 𝑊 𝑖,𝛾

𝑘
(𝒁𝑖,𝛾

𝑘
, 𝑐

𝑖,𝛾 (∗)
𝑡 ,𝑘
)

+𝑄𝑖,𝛾 (∗) (𝒁𝑖,𝛾

𝑘+1, 𝑐
𝑖,𝛾 (∗)
𝑡 ,𝑘+1 ). (7)

Solving (6) and (7) simultaneously for each agent would
solve the underlying guidance or optimal trajectory tracking
problem. Therefore, approximate or regression methods are
needed to implement the solutions of (6) and (7) in real-time.

A RL technique based on Policy Iteration (PI) is adopted to
provide an online solution for this problem. This is done recur-
sively by solving the following temporal difference (Bellman)
form:

𝑄𝑖,𝛾 (𝑟 ) (𝒁𝑖,𝛾

𝑘
, 𝑐

𝑖,𝛾

𝑡 ,𝑘
) −𝑄𝑖,𝛾 (𝑟 ) (𝒁𝑖,𝛾

𝑘+1, 𝑐
𝑖,𝛾

𝑡 ,𝑘+1) =

𝑊
𝑖,𝛾 (𝑟 )
𝑘

(𝒁𝑖,𝛾

𝑘
, 𝑐

𝑖,𝛾

𝑡 ,𝑘
).

Then, the policy is updated using

𝑐
𝑖,𝛾 (𝑟+1)
𝑡 ,𝑘

= −
((
𝑮𝑖,𝛾

𝑐
𝑖,𝛾
𝑡 𝑐

𝑖,𝛾
𝑡

)−1
𝑮𝑖,𝛾

𝑐
𝑖,𝛾
𝑡 𝒁 𝑖,𝛾

) (𝑟 )
𝒁𝑖,𝛾

𝑘
. (8)

This solution algorithmic form is implemented using a re-
cursive least squares regression approach, which is explained
below.

B. Recursive Least Squares

The PI solution is implemented in two steps. First, a given
policy is evaluated. Second, the tracking strategy-to-follow is
improved. Therefore, the RLS approach solves (5) for the
optimal value 𝑮𝑖,𝛾 or strategy using value function approx-
imation since it is not possible to solve Bellman optimality
equation analytically. The approximated value function 𝑄̃𝑖,𝛾



is represented by

𝑄̃𝑖,𝛾 (𝒁𝑖,𝛾

𝑘
, 𝑐

𝑖,𝛾

𝑡 ,𝑘
) = 1

2

[
𝒁𝑖,𝛾𝑇

𝑘
𝑐
𝑖,𝛾

𝑡 ,𝑘

]
𝚿𝑖,𝛾

[
𝒁𝑖,𝛾

𝑘

𝑐
𝑖,𝛾

𝑡 ,𝑘

]
such that, 𝚿𝑖,𝛾 ≡


𝚿𝑖,𝛾

𝒁 𝑖,𝛾𝒁 𝑖,𝛾 𝚿𝑖,𝛾

𝒁 𝑖,𝛾 𝑐̃
𝑖,𝛾
𝑡

𝚿𝑖,𝛾

𝑐̃
𝑖,𝛾
𝑡 𝒁 𝑖,𝛾

𝚿𝑖,𝛾

𝑐̃
𝑖,𝛾
𝑡 𝑐̃

𝑖,𝛾
𝑡

 ∈ R4×4,

where 𝚿𝑖,𝛾 > 0, 𝚿𝑖,𝛾

𝑐̃
𝑖,𝛾
𝑡 𝑐̃

𝑖,𝛾
𝑡

∈ R, and 𝚿𝑖,𝛾

𝑐̃
𝑖,𝛾
𝑡 𝒁 𝑖,𝛾

∈ R1×3.

Let 𝝋𝑖,𝛾

𝑘
= 𝒙̄𝑖,𝛾

𝑘
− 𝒙̄𝑖,𝛾

𝑘+1, where 𝒙̄𝑖,𝛾 = [0.5𝑧21
𝑧1𝑧2 𝑧1𝑧3 𝑧1𝑧4 0.5𝑧22 𝑧2𝑧3 𝑧2𝑧4 0.5𝑧23 𝑧3𝑧4 0.5𝑧24] and 𝑧1 to 𝑧4
correspond to the elements of vector [ 𝒁𝑖,𝛾𝑇

𝑐
𝑖,𝛾
𝑡 ]. Also, let

𝝑𝑖,𝛾 ∈ R10×1 be the entries in the symmetric solution matrix
𝚿𝑖,𝛾 associated with the vector 𝒙̄𝑖,𝛾 . Hence, it is required to
solve the following equation

𝝋𝑖,𝛾

𝑘
𝝑𝑖,𝛾 = 𝑊

𝑖,𝛾

𝑘
. (9)

This is done using RLS technique for each agent 𝑖.
Then, the approximated optimal strategy-to-follow is cal-
culated by (8) after reconstructing 𝚿𝑖,𝛾 back from 𝝑𝑖,𝛾 ,
such that the improved control strategy follows 𝑐

𝑖,𝛾

𝑡 ,𝑘
=

−
(
𝚿𝑖,𝛾

𝑐̃
𝑖,𝛾
𝑡 𝑐̃

𝑖,𝛾
𝑡

)−1
𝚿𝑖,𝛾

𝑐̃
𝑖,𝛾
𝑡 𝒁 𝑖,𝛾

𝒁𝑖,𝛾

𝑘
. The RLS approach solves for the

unknown weights 𝝑𝑖,𝛾

𝑘
∈ R10×1 in real-time as follows [43],

without requiring any prior knowledge about the agents’
dynamics

𝝑𝑖,𝛾

𝑘
= 𝝑𝑖,𝛾

𝑘−1 + 𝑳
𝑖,𝛾

𝑘

(
𝑊

𝑖,𝛾

𝑘
− 𝝋𝑖,𝛾

𝑘
𝝑𝑖,𝛾

𝑘−1

)
𝑳𝑖,𝛾

𝑘
= 𝑷𝑖,𝛾

𝑘−1𝝋
𝑖,𝛾𝑇

𝑘

(
1 + 𝝋𝑖,𝛾

𝑘
𝑷𝑖,𝛾

𝑘−1𝝋
𝑖,𝛾𝑇

𝑘

)−1

𝑷𝑖,𝛾

𝑘
=

(
𝑰 − 𝑳𝑖,𝛾

𝑘
𝝋𝑖,𝛾

𝑘

)
𝑷𝑖,𝛾

𝑘−1

where 𝑳𝑖,𝛾 ∈ R10×1 is a gain adaptation vector, 𝑷𝑖,𝛾 ∈ R10×10

is a covariance matrix, and 𝑰 is the identity matrix. A PI
solution using the RLS method is shown in Algorithm 1. It is
executed simultaneously by each agent 𝑖.

IV. CONSENSUS CONTROL STRATEGY

The second objective is to achieve cohesiveness among the
moving agents through a consensus protocol, as expressed
in (1c). This is done using the means of a time-varying
communication graph topology G = {M,L} , where M =

{𝜎𝑖}𝑖=1,..., |M | is the set of graph nodes of cardinality |M|,
and L = {(𝜎𝑖 , 𝜎𝑗 ) ∈ M2} is the set of undirected edges [44].
The connection strength of each edge (𝜎𝑖 , 𝜎𝑗 ) ∈ L in the
undirected graph is denoted as 𝑠𝑖 𝑗 = 𝑠 𝑗𝑖 , for 𝑗 ≠ 𝑖, where
𝑠𝑖𝑖 = 0. The consensus control strategy of each agent 𝑖 is
calculated using

𝑐
𝑖,𝛾

𝑣,𝑘
= −

∑︁
𝑗∈M𝑖

𝑠𝑖 𝑗 (𝑣𝑖,𝛾𝑘 − 𝑣
𝑗 ,𝛾

𝑘
). (10)

Algorithm 1 RLS-Based PI Tracking Mechanism

Input:
Weighting matrices 𝑱𝑖 and 𝐾 𝑖

Number of search iterations T𝑛
Initial tracking error vector 𝒁𝑖,𝜁

0
Initial weights 𝚿𝑖,𝛾 (0) and the corresponding 𝝑𝑖,𝛾

0
Initial 𝑷𝑖,𝛾

0 and 𝑳𝑖,𝛾

0
Convergence error 𝜉 and size of a moving window W

Output:
Tuned weights 𝚿𝑖,𝛾 (∗)

1: 𝑘 ← 0
2: RLS_weights_converged ← false
3: while 𝑘 < T𝑛 and RSL_weights_converged = false do
4: Compute control signal 𝑐𝑖,𝛾

𝑡 ,𝑘
and apply it to agent 𝑖

5: Find 𝑊 𝑖,𝛾

𝑘
(𝒁𝑖,𝛾

𝑘
, 𝑐

𝑖,𝛾

𝑡 ,𝑘
) and 𝒙̄𝑖,𝛾

𝑘

6: Calculate 𝒁𝑖,𝜁

(𝑘+1) , 𝑐
𝑖,𝛾

𝑡 ,𝑘+1
7: Find 𝒙̄𝑖,𝛾

𝑘+1 and calculate 𝝋𝑖,𝛾

𝑘

8: 𝑘 ← 𝑘 + 1
9: Calculate 𝑷𝑖,𝛾

𝑘
and 𝑳𝑖,𝛾

𝑘

10: Find 𝝑𝑖,𝛾

𝑘
, then update 𝚿𝑖,𝛾

𝑘

11: if 𝑘 > W and


𝝑𝑖,𝜁 (𝑘+1−𝑙) − 𝝑𝑖,𝜁 (𝑘−𝑙)

 ≤ 𝜉, ∀𝑙 ∈

{0, 1, . . . ,W}, then
12: 𝚿𝑖,𝛾 (∗) ← 𝚿𝑖,𝛾 (𝑘+1)

13: RSL_weights_converged ← true
14: end if
15: end while
16: return 𝚿𝑖,𝛾 (∗)

The graph connectivity weights are decided using a scalar
pump function 𝛿𝑎 (𝛾𝑖 𝑗 ), such that

𝛿𝑎 (𝛾𝑖 𝑗 ) =


1 , 𝛾𝑖 𝑗 ∈ [0, 𝑎)
1
2

[
1 + cos

(
𝜋
𝛾𝑖 𝑗−𝑎
𝑟−𝑎

)]
, 𝛾𝑖 𝑗 ∈ [𝑎, 𝑟)

0 , otherwise

where 𝛾𝑖 𝑗 = 𝛾𝑖 − 𝛾 𝑗 is the relative distance between agents
𝑖 and 𝑗 . Note that the output of the scalar pump function
also takes into account a connectivity communication range
𝑟 between the agents, which somewhat contributes to the
separation control objective [45]. The edge or connectivity
weights are calculated as

𝑠𝑖 𝑗 (𝛾𝑖 𝑗 ) = 𝛿𝑎
(

𝛾𝑖 𝑗



𝛼
/∥𝑟 ∥𝛼

)
∈ [0, 1), 𝑗 ≠ 𝑖.

The 𝛼-norm is defined by

𝛾𝑖 𝑗


𝛼
=

1
𝜇

[√︃
1 + 𝜇∥𝛾𝑖 𝑗 ∥2 − 1

]
,

where 𝜇 is a positive real scalar. This control strategy is adap-
tive to the agents formation, where the connectivity between
the agents can vary in time according to the agents proximity
to one other.



TABLE I: Leader velocity

Time period Linear velocity Angular velocity
[s] [m/s] [°/s]

[0, 20] 0.9 0.0
[20, 25] 0.9 0.0
[25, 45] 1.2 6.6
[45, 65] 1.2 0.0

V. SEPARATION CONTROL STRATEGY

The separation control strategy (1b) prevents agents from
colliding by enforcing repulsive-attraction forces in order to
control the localization of agents with respect to each other. A
Fuzzy RL adaptation mechanism that uses a zero-order Tagaki-
Sugeno (TS) fuzzy logic inference system which is imple-
mented using an online value iteration is considered herein,
as detailed in [27]. The RL approach adapts the consequences
of the fuzzy rules in real-time. This works according to a
temporal difference reward that penalizes the agents form
getting closer to each other and vice versa. The approach
aggregates the separation policies or decisions made for each
agent 𝑖 in reaction to the other agents in its neighborhoodM𝑖 ,
which results in an overall signal 𝑐𝑖,𝛾

𝑑,𝑘
for each agent 𝑖 in the

𝛾-direction (recall that 𝛾 ∈ {𝑥, 𝑦}), such that

𝑐
𝑖,𝛾

𝑑,𝑘
=

∑︁
𝑗∈M𝑖

F∑︁
𝑓 =1

Θ
𝑖 𝑗 ,𝛾 ( 𝑓 )
𝑘

𝜂𝑖 𝑗 ,𝛾 ( 𝑓 )

|M𝑖 |
, (11)

where F is the total number of fuzzy rules. For each rule
𝑓 ∈ {1, . . . , F }, Θ𝑖 𝑗 ,𝛾 ( 𝑓 )

𝑘
is the firing strength and 𝜂𝑖 𝑗 ,𝛾 ( 𝑓 ) is

the consequence of that rule 𝑓 . The latter is tuned online using
the RL process presented in [27].

VI. RESULTS

A system of 10 Pioneer-3DX™ mobile robots is simulated
to validate the proposed policy iteration approach in Algo-
rithm 1, where one robot plays the role of a leader while the
rest of the robots act as followers. The simulation is realized
in CoppeliaSim™1, a realistic robot simulation software that
adopts some of the state-of-the-art physics engines to simulate
physical phenomena, such as gravity, friction, etc. The robots
maximum linear velocity and acceleration are set to 1.2 m/s
and 2 m/s2, respectively, while the angular velocity and ac-
celeration are capped at ±150 ◦/s and ±150 ◦/s2, respectively.
Initially, the robots are scattered randomly in the environment,
as seen in Fig. 1(a). The trajectory of the flock is shown in
Fig. 1, where the leader’s trajectory is marked in red. By
default, the desired separation distance between agents and
the average tracking proximity are taken as 𝑠 = 2 m and
𝑑𝑡 = 𝑠. During the 65 s simulation, the leader assumes different
types of trajectories as shown in Table I. To further challenge
the controller, 4 followers are decommisioned at the 20 s

1https://coppeliarobotics.com [accessed: July 10, 2021]

milestone, as can be seen in Figs. 1(d) to 1(f), and the desired
separation distance is increased to 𝑠 = 2.5 m at time 45 s. In
other words, there are four stages in the simulation, distributed
as [0 . . . 20 s . . . 25 s . . . 45 s . . . 65 s]. The weighting matrices
of the utility function are set to 𝑱𝑖 = 0.0001 × 𝑰3×3 and
𝐾 𝑖 = 0.01, ∀𝑖. The RLS simulation parameters are taken as
T𝑛 = 400 and 𝑷𝑖,𝛾

0 = 100 × 𝑰10, ∀𝑖. The parameters of the
position dependent adjacency function are fixed to 𝑎 = 1,
𝑟 = 3.5 m, and 𝜇 = 0.5.

For a more quantitative assessment of the proposed control
algorithm, its performance is contrasted against the Fuzzy-RL
Value Iteration approach introduced in [27]. The results are
shown in Fig. 2, where shaded areas indicate the standard
deviation. It is clear from Fig. 2(c) that the followers’ average
velocity stabilizes in each phase of the simulation, and that in
this aspect, the performance of the PI approach is relatively
close to that of the VI. As for the average tracking error, it
is noticed that it is generally smaller with the PI techniques,
as revealed in Fig. 2(a). One can also observe how it is faster
to converge towards the end of the simulation than with the
VI method. The same remark is applicable to the average
separation error between the followers and their neighbors,
with the addition that the PI algorithm demonstrates a higher
robustness here represented by the smaller standard deviation,
as shown in Fig. 2(b).

Another interesting observation about the proposed RLS-
based PI algorithm is its faster critic weight convergence along
the 𝑥 and 𝑦-directions when compared to its VI counterpart
presented in [27]. Fig. 3 shows that the weights of the former
method converge in less than 1 s and are not much affected
later by the dynamic disturbances throughout the simulation,
unlike the VI algorithm. This reflects a higher ability to adapt
to time-varying graph topology in the flock decision process,
which is encoded in the PI method, rather than relying on a
fully connected-graph topology as it is the case with the VI
approach.

VII. CONCLUSION

A novel guidance mechanism based on policy iteration is
introduced to solve a flocking motion problem in real-time
without knowing the dynamics of the agents or those of the
formation. This solution is complemented with an extended
fuzzy system to ensure that the agents will stay close to
each other and avoid colliding. Additionally, they interact
simultaneously considering a time-varying graph topology
in order to reach consensus on a common flock velocity.
The proposed approach employ model-free strategies and
it continuously evaluates and updates the guidance policies
without waiting for data batches unlike least squares and batch
least squares regression methods. The policy iteration solution
based on recursive least squares exhibited better convergence
characteristics when compared with another reinforcement
learning process that is based on value iteration. A real-world
robotics simulation software engine is employed to show the
usefulness of the developed solution for a flock of Pioneer-
3DX mobile robots.

https://coppeliarobotics.com


(a) (b) (c)

(d) (e) (f)

Fig. 1: Flock trajectory

(a) Average tracking error 𝜖𝑡 (b) Average separation error (c) Average follower velocity

Fig. 2: Comparison with the Value Iteration approach of [27]

(a) PI (𝑥) (b) PI (𝑦) (c) VI (𝑥) (d) VI (𝑦)

Fig. 3: Tracking critic weights of the proposed PI technique and the VI approach of [27] along the 𝑥 and 𝑦-directions
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