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Modeling emotions has attracted much attention in recent
years, both in cognitive psychology and design of artificial
systems. Far from being a negative factor in
decision-making, emotions have shown to be a strong
faculty for making fast satisfying decisions. In this paper,
we have adapted a computational model based on the
limbic system in the mammalian brain for control
engineering applications. Learning in this model based on
Temporal Difference (TD) Learning. We applied the
proposed controller (termed BELBIC) for a simple model
of a submarine. The model was supposed to reach the
desired depth underwater. Our results demonstrate
excellent control action, disturbance handling and system
parameter robustness for TDBELBIC. The proposal
method, regarding the present conditions, the system action
in the part and the controlling aims, can control the system
in a way that these objectives are attained in the least
amount of time and the best way.
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. INTRODUCTION

In these year, design of computational intelligent
systems have received significant attentions. Control
technique and application based on Artificial Neural
Networks (ANNs) [1], Genetic Algorithms (GA) [2] and
Fuzzy Inference System (FIS) [3] are among them.
Emotional Learning is a psychologically motivated
algorithm which is a family of intelligent algorithms [4].

Recently, biologically motivated intelligent computing
has been successfully employed for solving different
types of problems [5] [6]. Capability of learning is the
greatest benefits of an intelligent system from a classical
one. A common attribute of the learning process is the
adaptation of the system parameters to better tackle the
changing environment. One type of evaluation is based
on emotional cues, which evaluate the impact of the
external stimuli on the ability of the system both to
function effectively in the short term and to maintain its
long term prospects for survival [7]. Emotional learning
is one of the learning strategies based on emotional
evaluations. This learning process occurs in the brain
Limbic system in mammalian brains [8].

Moren and Balkenius [9] presented a neurologically
inspired computational model of the Amygdala and the
Orbitofrontal Cortex in the Limbic System which is
based on brains. A new model of control algorithm called
Brain Emotional Learning Based Intelligent Controller
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(BELBIC) has been suggested [10]. By direct and
indirect approaches, two different approaches are
developed.

Applying this controller for eliminating stator
oscillations through fin placement was done in [11].
Application of BELBIC in Speed control of an interior
permanent magnet synchronous motor was shown in [12]
and in [13] a modified version of BELBIC was utilized in
heating, ventilating and air conditioning (HVAC) control
problem that is multivariable, nonlinear and
non-minimum phase. In [14] other HVAC called
micro-heat exchanger was the scope of BELBIC
application. In [15], this controller used for controlling
an identified model of a washing machine and in [16] this
controller with multi objectives constraints was tuned for
washing machine with evolutionary algorithms where it
is possible to have a trade-off between energy
consummation and other control objectives.

The BELBIC controller used for many application
such as power system [17], active queue management
[18], aerospace launch vehicle [19], interior permanent
magnet synchronous motor system [20], flight
simulation servo system [21], delayed systems [22] and
other uncertain nonlinear systems [23].

Lucas has some reviews on successful control
engineering and decision making applications, in which
BEL has been used for satisfying action selection based
on artificial emotions. He also demonstrated the
capability of BELBIC including high levels of
adaptability, disturbance rejection, and fault tolerance by
implementing it with neural network [24].

As mentioned, in real time control and decision
systems, Emotional Learning is a powerful methodology
due to its simplicity, low computational complexity and
fast training where the gradient based methods and
evolutionary algorithms are hard to be applied because of
their high computational complexity [25] [26].

Although this controller was applied in many
simulation and real control tasks but the previous actions
are not considered in these studies and the simulation and
implementation were done in limited simulation or real
time. In this article the TD learning algorithm used in
BELBIC controller to improved version of this
controller, and it is introduced and applied to control
submarine plant.

The structure of the paper is as the following. In
Section 2 the limbic model of mammalian brain and
original model of BELBIC as an applied model is
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presented. Section 3 present the control schema based on
TD learning is demonstrated. In Section 4, the linear
single input single output (SISO) system: submarine
model and TD learning are presented, respectively. the
implementation of the original BELBIC on control of
Submarine Model is demonstrated in this section. The
internal instability of controller in simulation plant
model and real plant are shown, too. Finally in Section 6
the conclusion part is discussed.

I1. AN APPLIED MODEL: STRUCTURE OF THE LIMBIC
SYSTEM

Motivated by the success in functional modeling of
emotions in control engineering applications [27] [28]
[29], the main purpose of this research is to use a
structural model based on the limbic system of
mammalian brain, for decision making and control
engineering applications.

The emotional processes is done by the Limbic
System, as part of the mammalian creatures' brain. The
Limbic System located in the cerebral cortex consists
mainly of following components: Amygdala,
Orbitofrontal Cortex, Thalamus, Sensory Cortex,
Hypothalamus, Hippocampus and some other less
important areas. Fig. 1 shows a simple graphical of
limbic system in human brain [30].

Basal Ganglia and Limbic System
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Fig. 1: The structure of the main components of Limbic System [30]

Amygdala which is a small almond-shaped in
sub-cortical area is play role in the emotional system.
This component is placed in a way to communicate with
all other Sensory Cortices and areas within the Limbic
System. For In this section the all parts of Limbic system
are describe.

The studies show that a stimulus and its emotional
consequences are associated in the Amygdala area [31].
A powerful area but small of the brain, the amygdala is
located below the hypothalamus and helps the
mammalian process the world at large. The amygdala is
in charge of for regulating emotions, affecting our
relationships and well-being. It also plays a part in
causing arousal. Automatic reactions like fear are in
large part caused by the amygdala. Amygdala are
believed to mediate inherently emotionally charged
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stimuli as well as coarsely resolved stimuli in general
[32].

The Thalamus signal going to the Amygdala evades
the processes involved in the Sensory Cortex and other
components of the system. Therefore, Amygdala
receives a non-optimal but fast stimulus from the
Thalamus which among the input stimuli is often known
as a characteristic signal [33].

Hippocampus is the next to the Amygdala and part of
the forebrain, which is shaped somewhat like a seahorse.
The hippocampus is key in creating new memories and
helps mammalian with spatial orientation and sleep
patterns.

The cerebral cortex is the largest, most apparent part of
the brain. It is the outer layer of the brain that is the main
source of human intelligence. The surface of the cortex is
grey matter and has six different layers with many neural
networks. Beneath these layers is white matter and when
all of these are put together we are given a huge number
of connections that facilitate our ability to think, feel, and
reason.

The cerebral cortex has two hemispheres and each
hemisphere helps to manage different things and perform
various tasks. Both the hemispheres can communicate
with one another, and can be divided into four different
lobes.

The corpus callosum connects the brain's two
hemispheres together. It is a huge bundle of nerve fibers
that allows information to pass between the two parts of
the brain. The corpus callosum allows for optimal
performance from the brain.

As mentioned, there are two approaches to intelligent
and cognitive control. In the indirect approach, the
intelligent system is utilized for tuning the parameters of
the controller. We have adopted the second, so called
direct approach, where the intelligent system, in our case
the computational model termed TDBELBIC, is used as
the controller block. Fig. 2 present a structural
engineering model of this System. TDBELBIC is
essentially an action generation mechanism based on
sensory inputs and emotional cues. In general, these can
be vector valued, although in the benchmarks discussed
in this paper for the sake of illustration, one sensory input
and one emotional signal (stress) have been considered.

>

Model Output

Sensory Input Emotional Signal

Fig. 2. The abstract structure of TDBELBIC
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The emotional learning occurs mainly in amygdala.
The learning rule of amygdala is given in formula (1).
AG, = k;.max(0,EC — 4) (1)

where G, is the gain cin amygdala connection, & is
the learning step in amygdala and EC and A4 are the
values of emotional cue function and amygdala output at
each time. The term max in the formula (1) is for making
the learning changes monotonic, implying that the
amygdala gain can never be decreased. This rule is for
modeling the incapability of unlearning the emotion
signal (and consequently, emotional action), previously
learned in the amygdala [34] [35]. Similarly, the learning
rule in orbitofrontal cortex is shown in formula (2).

AG, = ky.(MO-EC) 2)

where G, is the gain in orbitofrontal connection, &, is
the learning step in orbitofrontal cortex and MO is the
output of the whole model, where it can be calculated as
formula (3):

MO=4-0 3)

In fact, by receiving the sensory input S, the model
calculates the internal signals of amygdala and
orbitofrontal cortex by the relations in (4) and (5) and
eventually yields the output.

A=G,.S )
0=G,5 5)

Since amygdala does not have the capability to unlearn
any emotional response that it ever learned, inhibition of
any inappropriate response is the duty of orbitofrontal
cortex.

I1l. IMPLEMENTATION

Controllers based on emotional learning have shown
very good robustness and uncertainty handling
properties [27] [29], while being simple and easily
implementable. To utilize our version of the
Moren-Balkenius model as a controller, we note that it
essentially converts two sets of inputs into the decision
signal as its output. We have implemented a closed loop
configuration using this block (termed TDBELBIC) in
the feed forward loop of the total system in an
appropriate manner so that the input signals have the
proper interpretations. The block implicitly implemented
the critic, the learning algorithm and the action selection
mechanism used in functional implementations of
emotionally based (or generally reinforcement learning
based) controllers, all at the same time [27] [28] [29].
The structure of the control circuit we implemented in
our study is illustrated in Fig. 3. The functions we used in
emotional cue and sensory input blocks are given in (6)
and (7),

EC = VV1.6+ WzCO (6)

SI = W;.PO +W,.PO (7

where EC , CO , SI and PO are emotional cue,
controller output, sensory input and plant output and the
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W, through W, are the gains must tuned for designing a
satisfactory controller.

System Error

Sensory Input
Function
Input Criterion

Context Emotion -
—> e " TDBELBIC
+ Cue Function
" Efficiency
Criterion
Efficiency

Fig. 3. Control system configuration using TDBELBIC

Control Effort
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IV. SIMULATIONS

We confirmed the capability of TDBELBIC by
performing some simulations. It must be mentioned that
in the all simulations outlined below, we implemented
the set-point control strategy with the desired value of 1.
The descriptions of simulations are given below:

A LINEAR SISO SYSTEM: SUBMARINE MODEL

In this simulation, we considered a simple model of a
submarine. The model was supposed to reach the desired
depth underwater. The quantitative model is represented
via (8).

2 2
G(s) = 0.12(s +D)° _0ds 3+ 0.2s+0.1 ®
s(s”+0.09) s +0.09s

We implemented the control circuits in MATLAB
SIMULINK package. The output of the system with a
simple feedback and the output of the system with a
TDBELBIC controller are given in Fig. 4.

B TD(LAMBDA) LEARNING

Most of new learning algorithms like reinforcement
learning, Q-learning and the method of temporal
differences are characterized by their fast computation
and in some cases lower error in comparison with the
classical learning methods. Fast training is a notable
consideration in some control applications. However, in
prediction applications, two more desired characteristics
of a good predictor are accuracy and low computational
complexity.

In reinforcement learning, there is no teacher available
to give the correct output for each training example,
which is called unsupervised Learning. The output
produced by the learning agent is fed to the environment
and a scalar reinforcement value (reward) is returned.
The learning agent tries to adjust itself to maximize the
reward. [36] [37]

Often that the actions taken by the learning agent to
produce an output will affect not only the immediate
reward but also the subsequent ones. In this case, the
immediate reward only reflects partial information about
the action. It is called delayed-reward. [37] [38]

TD learning is a type of reinforcement learning for
solving delayed-reward prediction problems. Unlike
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supervised learning, which measures error between each
prediction and target, TD uses the difference of two
successive predictions to learn that is Multi Step
Prediction. The advantage of TD learning is that it can
update weights incrementally and converge to a solution
faster [39].

In a delay-reward prediction problem, the
observation-outcome sequence has the form x,, x,, ..., X,
z where each x; is an observation vector available at time
t, 1 £¢t<mandz is the outcome of the sequence. For each
observation, the learning agent makes a prediction of z,
forming a sequence: P, P,, ..., P,.

Assuming the learning agent is an artificial neural
network, update for a weight w of the network with the
classical gradient descent update rule for supervised
learning is:

AW = _avwE = _aZ(E - ZWWF)[
t=1
Where o is the learning rate and V,E is the gradient
vector, OE /0w of the mean square error function:

E:%i(l’,—z) (10)

t=1
In [38], Sutton derived the incremental updating rule
for equation (9):

3
AW[ =a(l)t+l _})t)sz})k (11)
k=1

)

For=1.2,....m where P | BN

To emphasize more recent predictions, an exponential
factor A is multiplied to the gradient term:

~P)Y ATV R (12)

k=1

Aw, = (P,
where 0 <AL

This results in a family of learning rules, TD(Lambda)
, with constant values of A.

But there are 2 special cases:

First, when A=1, Eq. (12) falls back to Eq. (11), which
produces the same training result as the supervised
learning in Eq. (9). Second, when A=0, since 0° =1, Eq.
(12) becomes
Aw,=a(P,, ~P)V B, (13)

I can extended the Eq. (13) for BELBIC and made
Eq. (14) for TDBELBIC.
AG,, =a(z—P)VG,P, (14

Which has a similar form as Eq. (9). So the same
training algorithm for supervised learning can be used
for TD(0).

V. CONCLUSION

In Fig. 4, you can observe the results of simulating the
diagram block Fig. 3. The results, based on TD learning,
are compared to Orbitofrontal Cortex learning in a
shared TDBELBIC structure. The outcomes suggest that
TD based learning in faster than Orbitofrontal Cortex
learning. But faster learning is increased for maximum
overshoot. Both of the learning is incremental, however,
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their memory output signals are presented in figures 5, 6.
The increase rates represent their learning speed.

Paying attention to the achievements in the emotional
controls founded a computational model, based on the
Limbic system, for mammals’ brain via time series
learning. The paper tried to develop this method for
answering more complicated issues and achieving
difficult goals.

To do this, the ability of the learning module the
emotional controller, was increased achieving based a
brain computational model means of TD learning for
credit assignment. TD learning, has easier computations
because of using it’s own experience. The methods
resemble human behavioral learning.

APPENDIX: BODY OF BELBIC ALGORITHM

function E=belbic(x)
global OLD
A=0LD(1);
O0=0LD(2);
V=0LD(3);
W=0LD#);

S=x(1);
Rew=x(2);

Yommmm - intial learning( alpha & beta )
alpha=0.1;

beta=0.4;
%

DV=alpha*max(0,Rew-A)*S;
y=A-O-Rew;

DW=beta*y*S;

V=V+DV;
W=max(0,W+DW);

A=S*V;

O=S*W;
OLD=[A;O;V;W];
E=A-O;
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