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Abstract— Apprenticeship learning (AL) is a learning scheme
using demonstrations collected from human operators. Appren-
ticeship learning via inverse reinforcement learning (AL via IRL)
has been used as one of the primary candidate approaches to
obtain a near optimal policy that is as good as that of the
human policy. The algorithm works by attempting to recover and
approximate the human reward function from the demonstra-
tions. This approach assists in overcoming limitations such as the
sensitivity associated with the variance in the quality of human
data and the short sighted decision time that does not consider
future states. However, addressing the problem of continuous
action and state spaces has still been challenging in the AL via
IRL algorithm. In this paper, we propose a new AL via IRL
approach that is able to work with continuous action and state
spaces. Our approach is used to train an artificial intelligence
(AI) agent acting as a shepherd of artificial sheep-inspired swarm
agents in a complex and dynamic environment. The results show
that the performance of our approach is as good as that of the
human operator, and particularly, the agent’s movements seem
to be smoother and more effective.

Index Terms—Apprenticeship learning, Inverse reinforcement
learning, Swarm Guidance, Shepherding.

I. INTRODUCTION

The problem of controlling bio-inspired swarms has gener-
ated a significant amount of novel research in the fields of both
control theory and intelligent computation [1]. Bio-inspired
approaches are particularly valuable when developing multiple
agent systems or robotic swarms. In these robotic swarms,
studies focus on addressing the question of how to collect or
guide groups of individual agents through natural interactions
between agents and the environment, and between agents [2]—
[4]. Challenges in addressing this question include how to
design flexible geometric constraints among agents, and then
maintain them to successfully obtain a defined formation
or communication network connections while performing a
specific mission [S]-[8].

As described in [9], [10], there are two major approaches in
controlling a group of individual agents or swarm: manually
programming prescribed rules and learning-based algorithms.
The first approach defines a set of rules or equations to
compute the behavior of such multiple agent systems through
global states or local groups of single agents in the entire
swarm [11]-[13]. Although the rule-based approach normally
gets designed and implemented fast, and scale up as the num-

ber of agents in the swarm increases, it often lacks adaptive
and generative abilities when faced with novel scenarios. For
the machine learning approach, the need to deeply understand
the dynamic model of the swarm is unnecessary; therefore, this
type of models provides flexibility. Additionally, the learning-
based approach enables agents to adjust within different
contexts. Various learning-based methods using reinforcement
learning [14], [15] or deep reinforcement learning [16], [17]
have been proposed to find out decentralized policies for
swarm control. However, these methods do not scale up when
the number of individual agents in the swarm increases. In
fact, training a large number of agents simultaneously will
need significant computational resources.

One possible solution to the scalability problem is to use
a shepherd as an agent that influences either the swarm as a
whole, or a subset of the swarm. The shepherding problem
is inspired by sheepdogs herding sheep in agriculture. In a
recent effort of Strombom et al. [18], the problem is modeled
heuristically to explain how one intelligent agent interacts
with a group of other agents acting as fixed rules entities.
It can be seen that this heuristic model is a promising answer
for addressing the lack of scalibility in the learning-based
approaches when just one learning individual might influence
or control a large group of rule-based agents. The shepherding
problem is valuable in the context of human-swarm interaction
(HSID) [19] due to the fact that it is simpler for the human
operator when he or she just interacts with one intelligent
agent to monitor the entire swarm. However, the approach
raises another challenge, that the shepherd needs to look after
a more complex context.

Therefore, according to the learning-based approach, the
problem of swarm control will simply focus on training one
smart agent to control a group of others. To train the smart
agent in these swarm systems, the literature as described in a
recent survey [20] makes a mention of three possible methods:
supervised learning (SL), reinforcement learning, and inverse
reinforcement learning. The former shows challenges to ef-
fectively develop intelligent or autonomous agents when the
collected data is sup-optimal because of human factors like
control skills or workload. Besides, the data might be insuffi-
cient when it is difficult to expect from the human operator to
repeat the task for a considerable number of times in order to



have a large enough data-set. Finally, supervised learning just
maps an active action with a given state without considering
the future states. In multiple-agent systems or swarms, the
problem of considering the future states is important because
actions in some steps might not be optimal despite that its
immediate effects could seem to be the best achievable in the
short run.

The second method is reinforcement learning (RL) [21],
which is able to address the challenges of supervised learning
techniques. RL is an interactive approach in which an agent
learns by interacting with the environment through a number
of trials and errors. In its interactions, the agent can receive a
reward or punishment, which is predefined by the expert of the
task. This method helps an agent to explore a sufficient state
space, and gain an optimal or a reasonably high cumulative
total reward. In classic reinforcement learning approaches like
Q-learning or SARSA [21], the problem of continuous state
and action spaces for swarm control is challenging. Recently,
with significant advances in deep learning, deep reinforce-
ment learning agents surpass human experts in various tasks
such as playing Atari games [22] or multi-task control of
autonomous robots [23]. An increasing number of autonomous
systems using deep reinforcement learning methods are being
developed in order to address various practical applications.
However, when applying deep reinforcement learning methods
to address swarm control as in the shepherding problem, it has
still been a considerable challenge because of the complexity
of this task and the dynamic nature of the environment. The
challenge comes from the question of how to successfully
design a reward function in order to guide the searching
process towards optimal policies.

In contrast to the RL approach, inverse reinforcement
learning (IRL) [20] allows a reward function to be learned
from human-generated policies instead of manually designing
reward functions. In terms of the IRL approach, an underlying
assumption is that the humans creating the demonstrations are
experts; thus, the resultant policies are somehow optimal. The
machine-induced reward function is then applied to an RL
algorithm in order to obtain a near-optimal policy being closest
to the expert’s policy. By using human demonstrations, Abbeel
et al. [24] proposed the apprenticeship learning via inverse
reinforcement learning (AL via IRL) to obtain an approximate
policy that is close enough to the observed one. The advantage
of this algorithm is to necessarily avoid the need to recover
the human reward function explicitly. Instead, the reward of
each state is represented by the sum of its linearly weighted
features.

In this paper, we propose a hybrid AL via IRL approach
which addresses the problem of continuous action and state
spaces in the shepherding problem. Our proposed approach
applies K-mean [25] and Radial basis function (Rbf) [21] for
handling the problem of continuous state space, and Deep
Deterministic Policy Gradients (DDPG) [26] to address the
challenge of continuous action spaces.

The organization of this paper is as follows. Section II
formulates the shepherding problem. Section III covers the

background on reinforcement learning, deep reinforcement
learning, and apprenticeship learning via inverse reinforce-
ment learning. Section IV focuses on explaining our research
methodology. Section V introduces our simulation environ-
ment, experimental setup, and the set of metrics we use to
assess the performance of our approach. We then discuss our
results and corresponding analysis in Section VI and conclude
the paper in Section VIIL.

II. THE SHEPHERDING PROBLEM: A FORMULATION FOR
EFFECTIVE SWARM CONTROL

The shepherding problem is known as a promising approach
of one agent driving another group of, sometimes willing while
in some other situations unwilling, agents in the same direction
towards a goal. This problem can be applied for numerous
applications such as civil crowd control when planning exit
requirements for public events, oil spill recovery, sheep herd-
ing for agricultural purposes, helping airplanes avoid birds in
transportation safety, interactive games in entertainment, and
gathering or driving an exploring swarm [18], [19].

In this paper, we describe the Strombom et al. [18]
model by presenting the notations and mechanism that are
utilized later in our experimental design. The shepherding
environment is a squared paddock with length of L. There
are two types of agents initialized in this environment be-
longing to a swarm of sheep (influenced agents) II =
{m1,...,mi,...,™N}, or a number of shepherds (influencing
agents) B = {f1,...,B;,...,Pm}. Primary behaviours of
shepherds and sheep are described as follows:

a) Behaviours of Shepherds: The shepherd has three
behaviours: driving and collecting, at a time step ¢. Its driving
behaviour is triggered when all the sheep have been collected
in a cluster. Equation 1 represents the threshold to know if the
sheep are completely clustered or not. If all distances of the
sheep to their center of mass is lower than this threshold, the
shepherd moves to a driving point located behind the cluster
to dive the sheep.

f(N) = Ren N3 (1)

The collecting behaviour will be triggered when there is any
outer sheep whose distance to the center of sheep mass is
greater than the threshold f(N). The shepherd moves towards
a collecting point located behind this sheep to force it towards
the mass to form the cluster.

b) Behaviours of Sheep: Each sheep at a time step
t includes four behaviours: escaping, collision avoidance,
grouping, and jittering. The escaping behaviour represents a
repulsive force Ffrl 8, if the distance between sheep m; at
position P’ and shepherd j3; at position Péj is less than Rg;
that is,

|1Pr, = Pj, |l < Rap )

The second represents the repulsion of sheep m; from other
sheep m.;. The condition for the existence of a force between



a pair of sheep is that the distance between them is less than
R,; that is,

3k, such that ||PL — PL || < Rer 3)

We then denote F. . to represent the summed force vectors
from all other sheep within the threshold distance applied onto
sheep ;.

For the grouping behaviour, it represents the attraction of
the sheep to the center of sheep mass of its neighbors Afri by
a force F; AL Lastly, the jittering behaviour aims to avoid

moving impasse so a random noise, which is presented Ff”e
with weight W,.,, is summed into the total force.

Sheep 7; total force behaviour o9 is represented by the total
force Fﬁ which is a weighted sum of force vectors Ffr 8,7
Ft Ft and F! : that is,
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The positions of shepherds and sheep are updated according
to Equations 5 and 6 given Sfjj and S be the speed of j3;
and the speed of m; at time ¢t. However, in original Strémbom
model, the speeds of agents are constant.

t+1 _ pt t t
Pa” = Bp, + S, F, ®)
P =Pt 4 St FL ©)

In this paper, the shepherding environment includes one shep-
herd and a swarm of sheep, and the underlying assumption is
that the shepherd is aware of all the sheep.

III. RELATED WORK
A. Reinforcement Learning/RL

A Markov decision process (MDP) [21] represents a se-
quential decision-making problem for which an agent must
select sequential actions to maximize optimization criterion
based reward values with the finite MDP formally presented
as a tuple = = {5, A, T, w,~} where:

o S ={s1,592,...,8,} is a finite set of n states describing

the dynamic world.

o A={ay,as9,...,an,} a set of m actions executed by the
agent.

e Trans : S x A x S — [0,1] a transition function or
transition model, where Trans(s,a,s’) is the transition
probability when the agent takes action (¢ € A) in a
state (s € S) which leads to the next state s’ € S, i.e,
Trans(s,a,s") = p(s'|s, a).

e w:S xA— W areward function, where w(s,a) is the
immediate reward received by the agent when it takes
action (a € A) in state (s € S).

e v €[0,1] a discount parameter.

A control policy is a mapping (7 : S x A — [0,1]), where
7(s,a) is the probability of selecting action (¢ € A) in
state(s € S). When the agent follows a 7 policy, the value

function V7 and the action-value function )7 are defined
respectively, by:

V7(s) =E, lz Yiw(se, at)|so = s] . 7
=0

o0
Q7 (s,a) =E, lz Yw(se, ar)|so = s,a0 = a] (8)
i=0
where (s¢, at) is a state-action pair generated under policy 7 in
time step ¢, the value function V7 : S — W, and action-value
one Q7 : S x A—W.

The aim of the agent is to discover an optimal control policy
(7*) which maximises the total discounted reward accumulated
over all states. The objective of learning is to maximize the
accumulated return over time:

T
Wy =Y 2" wy )
t'=t
where T is the total number of time steps, and + is the discount
factor.

The optimal value function denotes V*(s), and V*(s) =
sup,V7(s). Similarly, the optimal action-value function de-
notes Q*(s,a), and Q*(s,a) = sup, Q7 (s,a) with 7 is called
an optimal policy in the MDP framework if and only if:

7(s) € arg max Q7 (s,a),Vs € S. (10)
ac

Based on the Bellman equations [8], V*(s) and Q*(s,a) are
defined. For all a € A and s € S, respectively, as:

V*(s) = meaqu*(s,a). (11)
Q*(s,a) =w(s,a) +7 Y _ p(s's,)V*(s).  (12)

s'eS
B. Deep Q-learning/DON

In real-world scenarios, Q-Learning [21] is impractical
because of its limited state and action spaces, and inability
to be generalized to unseen states. Therefore, in practical
Q-learning systems, function approximators, generally linear
ones, are used to approximate the Q-function as:

Q(s,a;0) = Q*(s,a)

However, these functions are limited to manually crafted
features and low-dimensional data. Recently, deep neural net-
works (DNNs) [27] have been shown to be capable of solving
raw and high dimensional data in real-word scenarios. These
advances lead to a breakthrough of deep Q-learning [28] when
it uses DNNs to effectively approximate representations over
a continuous and large state space in the context of reinforce-
ment learning. It is appealing to apply an RL paradigm for
a real world environment. This algorithm has been a game-
changer that surpassed top human-level performance in various
tasks [28]. The main core of DQN is that the authors used an
experience replay approach while training DNNs.

In this technique, experiences are stored in a sufficiently
large memory over episodes and then a certain number, called

(13)



a mini-batch, gets randomly chosen from the memory, and
updated to the DNN in every step. The advantages of this
technique enable the learning to be stable and allows for
converge. These advantages have been analyzed in [28]. The
algorithm assumes a discrete action space. For continuous
action spaces, a family of deep deterministic policy gradients
(DDPQG) algorithms is introduced below.

C. Deep Deterministic Policy Gradients/DDPG

Deep deterministic policy gradients [26] address the lim-
itations of the Deep Q-learning approaches by producing
continuous actions. DDPG has an actor-critic architecture
including two separate networks: the first known as the actor
network (with weights 67™) is used to approximate the output
action; and the latter known as the critic network (with weights
69) is used to estimate the Q-value of the action produced by
the actor network. Both have their own target networks (with
weights ™ and #?' respectively) to maintain the stability in
learning. The loss function of the critic network is represented
as follows:

L(#9) = (Q(s1, ar|0?) — yy)° (14)

where

Yo = wi + YQ(St41, T(5141]07)[09) (15)

The weights of the deep critic network can be updated by

09 «+ 69 — agVye L(69) (16)

where aq is the learning rate of the critic network. The actor
network is then updated by using the action gradient estimated
with the critic network.

07 07 — a;VaQ (56, 7(5:]07)|09)VorT(5:]607)  (17)

where a; is the learning rate of the actor network. Experience
replay can also be used with DDPG for reducing bias intro-
duced from temporally correlated transitions data and more
learning efficiency.

D. Apprenticeship learning via inverse reinforcement learn-
ing/AL via IRL

In the reinforcement learning approach, the RL agent
needs to discover an optimal control policy which maximizes
a reward-based criterion. However, in real-world scenarios,
defining the reward function is challenging. Inverse Rein-
forcement Learning (IRL) [20] recovers/approximates a reward
function by learning it from human demonstrations.

ABS via IRL [24] assumes that the reward function, W (s),
is a linear function represented as a weighted, 6, sum of a

state feature vector ¢(s) = {d(s1),...,0(8i)s-..,d(sK)}:
K
R(s) = 0" -¢(s) =Y _ Oxn(s),Vs € S (18)
k=1

In terms of the IRL approach, the underlying assumption is
that the human expert is following an optimal policy; thus,

there is an optimal weight vector §* such that the optimal
reward W*(s) is

W*(s) =0"-¢(s),Vs € S (19)

AL via IRL uses human demonstrations to then find the weight
vector 6 that approximates 6*. For a fixed policy, its value is
defined as follows:

V(s)=0-E (20)

> A'é(st) | T]

t=0
where 7 is the discount factor.

Meanwhile, the feature expectations vector under a policy
m is defined as:

u(r) = E 1)

> Aot | T]
t=0

If the dynamic model is unknown, the feature expectations
vector p(7) can be seen in Equation 22:

p(r) = 23> A ol)

i=1 t=0

(22)

where m is the number of trajectories. When the feature
mapping function, ¢, and demonstrations are given, a rein-
forcement learning algorithm is used to discover 7 in order to
make 1(7) as close as possible to u(7g) with 75 being the
policy of the human expert.

In the next section, we introduce a novel hybrid AL via IRL
approach that produces an effective feature mapping function
to address the problem of continuous state space, and uses the
deep deterministic policy gradients (DDPG) in the RL step in
order to output continuous actions.

IV. A NOVEL HYBRID APPRENTICESHIP LEARNING VIA
INVERSE REINFORCEMENT LEARNING APPROACH

In the original apprenticeship learning via inverse reinforce-
ment learning method [24], the reward of a state is represented
as a sum of its linearly weighted features as described in
Equation 18. Therefore, the learning success of the AL via
IRL depends significantly on the feature mapping function, ¢.
Particularly, in a complex and dynamic environment such as
that present in swarm control, the state space is continuous so
that effectively designing the the feature mapping function is
not simple. Additionally, the problem of the continuous action
space is not mentioned in the original algorithm yet this is
highly necessary and practical in the context of swarm control
or the shepherding problem. In this paper, we propose a novel
approach aiming to address these challenges in the original
AL via IRL algorithm.

A. The Problem of Continuous State Space

In term of the IRL approach, the reward function is ex-
pressible as a linear sum of known features. Hence, the feature
mapping function is needed to transfer a state into a vector or
array of values between 0 and 1. In simple contexts where the
state space are discrete, this space can directly be transferred



into a vector of binary features of 0 or 1. Regarding the
problem of the continuous state space, these binary features
are not appropriate when the feature can just represent on or
off.

To handle the problem of the continuous state space, a
radial basis function (RBF) [21] is used as a feature mapping
function, ¢, to transfer a state into an array of real values
€ [0, 1]. These real values indicate the range in which a feature
is turning on or off, and then the state representation is more
sufficient and closer to the visited state space of the expert.
As a result, the recovered reward function will be represented
precisely so that the obtained policy is closest to that of the
expert. Equation 23 shows an RBF feature of the Gaussian type
in which the value of the RBF feature replies on the distance
between a given state, s, and a center, c¢;, representing the
feature 1.

_lls—e4ll2

p(s)=e > (23)

where ¢ is a constant parameter.

In Equation 23, it can be seen that the centers are needed
to be predefined. The problem of how to find these centers
appropriately is necessary and important so that the RBF
function is effectively able to transfer the state space into
suitable real-value vectors. In this paper, we use the K-mean
algorithm [25] to cluster the state space into a number of
centers that are able to sufficiently represent the entire state
space. This approach enables us to automatically find the
centers in the state space instead of defining them manually.
The combination between the RBF function and K-mean
creates a robust feature mapping function in our proposed AL
via IRL approach when it can transfer the state space into
a vector of real values being more precise and closer to the
visited state space of the human.

B. The Problem of Continuous Action Space

Recently, with significant advances in deep reinforcement
learning [22], it is more effective when applying deep re-
inforcement learning algorithms for the RL step of the IRL
approaches like AL via IRL. In the shepherding problem,
continuous actions are required in order to achieve effective
control policies. Deep deterministic policy gradients (DDPGs)
introduced in [26] address this problem by producing contin-
uous actions.

In this paper, the DDPGs algorithm is used as an RL step
in which the input is the continuous state space, and the
output is a real value representing continuous actions. Our
proposed AL via IRL algorithm is shown in Algorithm 1. The
main contributions center around using the proposed feature
mapping function and the DDPGs algorithm in the RL step.
Our contributions are shown in italics, while the remainder of
the algorithm is identical to the one presented in [24].

Algorithm 1 Our Apprenticeship Learning via Inverse Re-
inforcement Learning Algorithm For Continuous State and
Action Spaces; an improvement version of the algorithm
presented in [24] with the additional contributions shown in
italics.

Inmput: : A RBF feature mapping function ¢, m
human trajectories, 7' = {T1,Ts,...,T,,} where
T, = {(s1,a1),(s2,a2),...,(8p,a,)} in which
S = {s1,.8uxm} and A = {a1,...,anxm} are

continuous state and action spaces, respectively, and the
stop threshold e.
Output: : A number of policies {7() : i = 0..n}.
1: Randomly choose policy 7(9), estimate (0 =
Monte Carlo, and set 7 = 1.
2: Initializing the DDPGs parameters [26].
. Calculating C' centers by K-mean algorithm [25].
Calculating the total expert feature expectations vector, yg
as described in Equation 22.
5 Set 00 = g — p© and 7© = ),
6: Set t() = ||ME - ,u(O)HQ.
7. if () < ¢ then
8
9

w(7(?)) via

W

:  terminate
: end if
10: while t) > ¢ do
11:  Using DDPG producing continuous actions to compute
the optimal policy T with W = ()T ¢,
12 Compute () = (7)) and set s =i + 1.
13 Seta = pl— — pli=2),
14: Setb=pp— a2,
15: Set pl— = p(i=2) 4 ﬁ—;’x
16:  Set ) = pp — g1,
7 Set t0) = [lug — @D
18: end while

V. EXPERIMENTS

In this section, we describe the designed shepherding envi-
ronment, experimental setups along with their parameters; and
finally the evaluation metrics and the parameters of training
the deep neural network are clarified.

A. The Shepherding Environment

The shepherding simulation environment is designed using
the Python language in Ubuntu 18.04. The size of the shep-
herding environment is 150 x 150 being identical to that of
Strombom et al. [18]. Similarly, the parameters of shepherding
problem are no different from that of Strombom except the
number of sheep (10 sheep in this paper). Initially, our aim is to
evaluate the proposed approach being able to produce an agent
acting as well as a human in a not too complex environment.
Thus, the set number of sheep is not significant in order
to reduce the complexity of the task, and then the human
demonstrations collected can generally avoid unexpected noise
in the underlying policy followed by the human resultant from
sub-optimal actions. This allows us to have a more exact view
of the learning success of our proposed approach.



In each episode, the positions of the shepherd and sheep are
randomly initialized within a constant area located in the top
right corner of the environment. While a target is set at the
bottom left corner, the shepherd is required to herd the entire
herd of sheep towards the target.

B. Experimental Setups

In this paper, we conduct three experimental setups: human
demonstrations, supervised learning using a deep neural net-
work (DNN), and our proposed AL via IRL algorithm (Hybrid
AL via IRL), as shown in Table I.

Table I: The Experimental Setups

Experiment ID Description

Human A human operator controls the
shepherd to gather a data-set

DNN Training a deep neural network

by the human data-set

Hybrid AL-IRL  Our proposed algorithm

Regarding the human demonstrations, the human subject
was asked to control the shepherd to herd sheep towards the
target for 20 episodes. The set of the human demonstrations
include 4352 samples. For our proposed approach - Hybrid
AL-IRL, the stop threshold ¢ is set to 2, the set number of
centers, K, produced from the K-mean algorithm is 100, and
o in Equation 23 is calculated in [29].

C. Evaluation Metrics

Due to the dynamics of the environment and initialization of
training scenarios, we employ the ratio ;— l_‘ﬁi‘ii;}gﬁff}‘;‘is tors
in each episode to see if the learned policy is optimized or
not. The total — reward is a sum of all individual rewards of
each step in the episode. The individual reward is calculated
in Algorithm 2. The agent is presented with a small positive
reward if the sheep global centre of mass moves closer to the
target and a small negative reward if this point is further from
the target. One episode of training is a success when the target
is reached. We also visualize the footprint of the shepherd and
the sheep center of mass to show the policy exploitation.

Algorithm 2 Reward Function

Input: Sheep Global Centre of Mass (GCM) an;; Position of
Target P“; Task Success Radius Rrg;
Output: reward value w?

1w =0; wh=0;

2: Calculate distance dhe oy, = ||[PY —TL ||
3 it dbe gon < Ao gy then

4: wﬁ =0.1

5: else

6: wi =-0.1

7: end if

8: if d'.c_ oy < Rrs then

9: w% =10

10: end if

t_ ot t
w = Wiy + wsy

—
—_

D. Training Deep Neural Network

In the two experimental setups for DNN and Hybrid AL-
IRL, we use an identical deep neural network (DNN) con-
sisting of an input layer, two fully-connected hidden layers,
and a fully-connected output layer. The number of nodes of
the two hidden layers are 32 and 16, respectively. Tensorflow
and Keras libraries [30] were used to design the network.
The optimizer method is the stochastic gradient descent. The
DDPG algorithm is trained with a replay memory size of
100,000 state-action pairs, the discount factor v = 0.99, mini-
batch size 64, and the learning rate 0.0001. During training, the
e—greedy is decreased linearly from 1 to 0. The epsilon decay
is 0.995 for every episode. The maximum number of steps is
1000. The deep network was trained on an NVIDIA GeForce
GTX 1080 GPU. Figure 1 illustrates the DNN structure used
in this paper.

@
States Velocity Vector
@

Figure 1: The Ilustration of Deep Neural Network Structure

The states space presented in Table II are used as inputs,
while the outputs are a vector of two continuous values of the
shepherd.

Table II: The States Space

State ID State Name State Description
1-2 Vacmp (x,y) Vector from GCM to shepherd
34 Visp (x,y) Vector from the furthest sheep
to shepherd
5-6 Vrcom Vector from target to GCM

VI. RESULTS AND DISCUSSION

In this paper, we conducted three experimental setups as
described in Table I. In this section, we provide the learning
curves and explanation in training of the later two setups, and
then compare the performance among them in various testing
cases.

A. Training

a) DNN Setup: We fully train the deep neural network
by the human data-set. Figure 2 shows the loss in training.
It is clear that the training loss decreases significantly in the
first 4000 epochs, and then maintains stable performance at
approximately 0.25 in the remaining epochs.
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Figure 2: Training loss of the deep neural network.

b) Hybrid AL via IRL Setup: We use the same human
data-set used in the DNN setup to train our proposed AL via
IRL approach. To evaluate the learning success of the AL via
IRL approach, it is worth to illustrate the distance - ¢ between
the feature expectation of the training agent and that of human.
Figure 3 shows this distance in training. It can be seen that
the Euclidean distance between these two feature expectations
decreases significantly from more than 40 to 5 in the first 5
inverse reinforcement learning iterations, and then maintains
stable values at just slightly over two units of distance in the
remaining iterations. This trend demonstrates the successful
learning of the agent trained by our approach. We should
not expect that this gap should reach a zero value due to the
possible inconsistencies in human actions.

50

40

w
S

Distance - t

H H H H H H
0 5 10 15 20 25 30 35
Inverse Reinforcement Learning Iteration

Figure 3: Euclidean distance to human’s feature expectation.

B. Testing

In testing, we performed 50 testing episodes for the trained
DNN and Hybrid AL via IRL models and used 20 episodes
of the human data-set, and then calculated the averages and
standard deviations of cumulative total reward per action and
the percentage of task success. Table III provides these results
of three setups: Human, DNN, and Hybrid AL via IRL.

Table III: Averages and Standard Deviations of Reward Per
Action and Number of Steps, and Success Rates of the Three
Setups in the Testing Cases.

Success Rate
(%)

Experimental ID  Action Reward  Steps Number

Human 0.144 £ 0.004  217.6 £ 10.9 100
DNN 0.111 £ 0.055  399.7 &£ 3122 80
Hybrid-AL-IRL 0.147 £+ 0.002  207.8 £+ 8.7 100

The results show that the trained Hybrid AL via IRL agent
performs more precisely than a human when its own and
the corresponding human’s averages of reward per action and
the number of steps are (0.147, 207.8) and (0.144, 217.6),
respectively, and overpasses this value of the trained DNN
agent being just 0.111. The percentages of task success of both
are 100% compared to just 80% of the trained DNN agent.
These results demonstrate that our proposed algorithm is able
to perform better than the traditional supervised learning-DNN
with the same human data-set, and reach the level of human
performance even though the Hybrid AL via IRL performance
is more effective than that of the human’s one. To have clear
view of this efficiency, we provide some general observations
in Figure 4.

Firstly, sub-figure (a) illustrates the human performance in
herding sheep towards the target. The movement of the human
shepherd is flexible in a quite wide range. When applying the
DNN shepherd for this mission, the sub-figure (b) shows that
the movement of the shepherd is narrowed in a smaller range
than that of the human shepherd. Particularly, the Hybrid AL
via IRL shepherd moves highly precisely in a shortest path
which avoids some additionally unexpected steps in human
movement.

VII. CONCLUSION AND FUTURE WORK

This paper proposes the Hybrid AL via IRL approach in
addressing the problem of continuous action and state spaces
in the shepherding problem wherein the shepherd drives the
swarm of sheep towards the target. Our approach integrates the
radial basis function with the K-mean algorithm to produce the
effective feature mapping function in the inverse reinforcement
learning approach. This function is able to address the problem
of continuous state space in the human demonstrations. Addi-
tionally, with applying the deep deterministic policy gradients
(DDPG) algorithm for the reinforcement learning step, our
approach also allows to handle the problem of continuous
action space when it outputs a real vector.

In our experiments, we conducted the primary two setups:
the first is a supervised learning approach by training the deep
neural network (DNN) on the human data-set, and the latter
is our proposed approach trained on the same human data-
set. The results demonstrates that the trained Hybrid AL via
IRL agent overpasses the trained DNN agent, and even though
perform preciser than human when it can find shorter paths
reducing unexpected actions of the human.

Future studies will look deeply at the impact of parameters
of the proposed feature mapping function like the number of
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Figure 4: Trajectories of the entire swarm in three different testing
of the environment (150x150). The agents are randomly initialized
is located at the bottom left corner.

centers on the quality of the performance, and also investigate
the structure of the DDPG algorithm in order to output more
effective policies. From that, we aim to transfer this model to
the physical environment that is highly complex and dynamic.
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