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into �ve separate equations (3)–(7). Equation (3) represents the
�rst sum in the square brackets, i.e.,� 1(� � ) is the strength of
match of antibody� � to the set of presenting antigens, and
	 is the antigen matching-function. Once (3) is evaluated for
all antibodies, the antibody with the highest� 1(� � ) value is
selected as the antigenic antibody� � 1; therefore, (3) is always
processed �rst. Equation (4) represents the second sum in
the square brackets, i.e.,� 2(� � ) calculates the suppression in
antibody � � by using � � as a suppressive matching-function
and modeling the probability of collisions between antibodies
� � and � � 1. Similarly, � 3(� � ) in (5) sums the stimulation in
� � , using � � as a stimulatory matching-function. Functions
	 , � �, and � � are expressed in terms of
 and � and are
explained further in Section V-D.� � (� � ) in (6) represents the
global strength of match, a strength metric that encompasses all
molecular activity, i.e.,� � (� � ) equates to all of the terms in the
square bracket in (2). The parameter
 1 in (6) is the same as in
(1) and (2).

Equation (7) is (2) rewritten in terms of� � (� � ), and it
expresses the rate of change of concentration of antibody� �

with time. As the concentrations must be computed discretely,
a difference equation form of (7) is used, (8)

� 1(� � ) =
�∑

� =1

	 �� (3)

� 2(� � ) =
�∑

� =1

� �
�� � (� � )� (� � 1) (4)

� 3(� � ) =
�∑

� =1

� �
�� � (� � )� (� � 1) (5)

� � (� � ) = � 1(� � ) − 
 1 (� 2(� � )) + � 3(� � ) (6)

˙� (� � ) = � (� � (� � )) − 
 2� (� � ) (7)

� (� � )	 +1 = � (� � )	 + � (� � (� � )	 ) − 
 2� (� � )	 � (8)

In hybrid AIS systems, antibody �tness� is often measured
using a combination of metrics that represent the individual
components of the scheme. For example, [7] uses activation
� (� � ), de�ned as the product of the global strength of match
� � (� � ) and the concentration; see (9). This method of assessing
�tness is adopted here as it incorporates both the AIS and RL
aspects of the hybrid system

� (� � ) = � (� � )	 +1� � (� � )� (9)

B. Choice of Antibodies and Antigens

As in many previous robot AIS systems [5]–[7], [9], [12],
[13], and [15], environmental situations are modeled as antigens
and competence modules are modeled as antibodies. For sim-
plicity, �xed numbers are used (8 antigens and 16 antibodies),
and antibody replacement is not implemented.

TABLE I
ANTIGENS AND THEIR CONDITIONS

The set of antigens (listed in Table I) is given a priority
structure based on the principle that the needs of some
situations outweigh those of others. For example, if the robot
is stalled against a wall, then it must take action to free itself
before it can deal with less urgent problems, such as an object
to the left. Since antigens 0–6 have a wide application to
most robot-navigation problems and antigen 7 would be useful
for any problem involving tracking an object, this priority
ranking is reasonably unspeci�c and means that more general
conclusions may be drawn from the experiments. The condition
parameters are selected from the results of conducting pretrials
that enabled the door-tracking task to be carried out ef�ciently
using system S1.

The antibody repertoire, i.e., the set of possible behaviors
listed in Table II, is selected on the basis of providing the robot
with the ability to move in a number of different directions and
at a number of different speeds, covering both the front and
rear. In addition, selection of more intelligent actions such as
wandering toward the maximum laser reading and tracking the
door markers are provided. Apart from tracking the markers, all
the actions may be considered generic to navigation problems
that require a robot to avoid obstacles and traps. The maximum
speed permitted� is 2.0 m/s.

C. Paratope and Idiotope Matrices

Five different paratope matrices
 1 − 
 5 (antibody–antigen
strength-of-match matrices) are used in this paper. To help
minimize any initial bias, these are prepared beforehand by
generating random element-values
 [� � � � � ] between 0.50 and
0.75, i.e., not too high and not too low. These values are then
adjusted by adding a small number� (� � ) (positive or negative)
to each antibody’s elements so that the mean across each row of

 is 0.625. Variable� (� � ) is given by (10), where the original
mean for row� is denoted by� � and the desired mean by� 
 .
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in (4) is given by (12) as follows, where� is the �xed-idiotope
matrix:

� �
�� = 
 [� � 1� � � ]� [� � � � � ]� � � (12)

Under this de�nition of � �, (4) simulates suppression by
comparing the stage-1 winner’s paratope with the competing
antibody’s idiotope. Since the paratope constitutes approved
antigen matches and the idiotope shows disallowance, the prod-
uct of these elements provides a good indication of the level of
suppression that should be induced in the competitor.

The function� � in (5) is given by

� �
�� = (1 − 
 [� � � � � ]) � [� � 1� � � ]� � � (13)

This de�nition allows (5) to mimic stimulation, this time
examining the stage-1 winner’s idiotope and the competing
antibody’s paratope. A low paratope-element coupled with a
positive idiotope-value indicates a possible similar species and
that the antibody should be stimulated. Here, the paratope
element is subtracted from one in order that the elemental
product yields high values for a high level of stimulation.

Equations (4) and (5) show that the elemental products in
(12) and (13) are summed over all the antigens and multiplied
by the concentration terms. In this way, an individual antibody
may undergo multiple idiotypic suppressions and stimulations.
The net result of these and the original antigen matching
determines� � (� � ) via (6).

The third stage involves the use of (8) to calculate each new
antibody concentration and (9) to calculate activation. Here, the
term concentration is used to mean the proportional number of
clones of an antibody type in circulation if the total number is
held at � , where� is the number of antibodies. Therefore,
all 16 antibodies begin with equal concentrations of one. Once
the new concentration values are derived from (8), they are
normalized using

∥∥� (� � )
∥∥

	 +1 =
� (� � )	 +1∑�

� =1 � (� � )	 +1
(14)

and multiplied by� to keep the total number of clones at
16. This process prevents scaling problems that arise when the
total number becomes too high and is in keeping with many
other investigations involving AIS networks, for example, [6]
and [21]. In addition, studies with mice have suggested that an
almost constant number of b-cells are active, so it is likely that
there is a mechanism in nature that controls this [20].

In order to test the hypothesesH1) − H3), an incremental
approach is adopted, i.e., three experimental systems S1–S3,
each with increasing levels of idiotypic complexity are used
to solve the navigation problem, and the performance of each
is compared in terms of the speed and agility of the robot.
S1’s overall winning antibody is always� � 1, but S2’s is the
antibody with the highest global strength of match� � (� � ) and
S3’s is the one with the highest activation� (� � ). S1 and S2
are, therefore, simply subprograms of S3 that implement only
stages 1 and 2, respectively. In addition, S1’s and S2’s antibody
concentrations are held constant at one throughout, i.e., the
terms� (� � ) and� (� � 1) in (4) and (5) are effectively ignored

TABLE III
SUMMARY OF THE SYSTEMS

to simplify the dynamics and provide an indication of the effect
of introducing a network that is independent of concentration.
However, in S3, the concentration levels are allowed to vary,
i.e., the system implements the concentration terms in (4), (5),
(8), and (9) as variables, which represents a full AIS system.
Table III summarizes the three systems and describes how
�tness is measured for each.

Since �tness in S1 does not consider idiotypic effects and
ignores concentrations of antibodies, it is purely an RL system
that uses
 as a belief table for executing actions. It is in no
sense an AIS. S2 is not a true AIS as it does not base selec-
tion on a function of antibody concentration, and molecular
collisions are not modeled within the network. In addition,
the system has no global feedback from the network as the
strength� � (� � ) is used only to select the �ttest antibody, and
only the �ttest undergoes a paratope adjustment from RL. The
� � (� � ) values for the other antibodies are not used to adjust the
paratope in any way. System S3 represents a true AIS, because
feedback from the network is global through alteration of all
antibody concentrations using (8), and there is also feedback
from concentrations to the network since collisions between
molecules are modeled in (4) and (5).

To illustrate the use of (3)–(6), Table IV shows the results
of calculating� 1(� � ), � 2(� � ), � 3(� � ), and � � (� � ) using the
idiotope values from Table V and the example paratope values
given in Table VI. In these calculations, all antibody concen-
trations are held constant at one for simplicity, as in the case
of S2, and
 1 is set at 0.625. In the example, the antigens
presented to the system are 1, 3, and 5; hence, 5 is dominant.
The table shows that the stage-1 winner is antibody 14 but that
the idiotypic processes nominate antibody 10 (an alternative
reverse antibody) as the overall winner.

Once the �ttest antibody has been chosen, it executes its
action, and its effect is assessed using RL. The appropriate ele-
ment of the paratope matrix
 is either increased or decreased,
depending on whether a reward or penalty is issued by the
reinforcement algorithm.

E. Reinforcement Learning

RL occurs when knowledge is implicitly coded in a scalar
reward or penalty function. There is no teacher and no instruc-
tion about the correct action, just a score that is yielded by the
robot’s interaction with its environment. Here, the technique
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TABLE IV
EXAMPLE SUPPRESSION ANDSTIMULATION CALCULATIONS

TABLE V
FIXED IDIOTOPEMATRIX

is employed for dynamic estimation of the degree of match
between antibodies (actions) and antigens (environmental
situations).

This paper seeks to compare a basic RL system (S1) with
hybrids that utilize an idiotypic network (S2 and S3) and,
thus, establish whether the idiotypic treatment enhances robot
performance. It is, therefore, essential to construct a good

TABLE VI
EXAMPLE PARATOPE MATRIX

reinforcement scheme to test whether the network can add
something to a design that already performs reasonably well.
For this reason, a scheme that is highly engineered is used. This
is based on a “brute-force” approach that coerces the robot into
behaving in a desirable way, e.g., by penalizing it for going
backwards under certain conditions. The reward- and penalty-
increments coded are ratio-orientated e.g., the robot is rewarded
more when it travels fast than when it travels slow if the sensors
show no danger.

As well as testing a good RL algorithm, a weaker strategy is
also employed as a direst test for	 � � . If idiotypic robots can
produce good results despite using poor learning, then they will
have demonstrated a degree of detachment from the structured
reinforcement signals.

In both strategies, the reinforcement value� � is set to zero
at the start of the learning exercise, which is carried out once
every ten loops, but �ve loops out of synchronization with
the completion of the actions. In other words, approximately
half a second after acting, the selected antibody’s perfor-
mance is scored either negatively or positively by rereading
the sensor values and using one of the scoring algorithms
described. The algorithm used is largely dependent upon the
dominant antigen. However, this does not render the scheme
too problem-speci�c, because the antigens represent environ-
mental situations that are reasonably universal to navigation
and tracking problems. A brief description of the stronger
reinforcement design is given as follows. Note that the ab-
solute values of the scoring parameters are not presented as
they are somewhat arbitrary. The network system S3 should
be able to work alongside any basic RL scheme to enhance
performance.
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For dominant antigens 0, 1, and 2 (obstacles present), the
learning algorithm provides linear rewards for an increase in the
distance between the robot and the obstacle and linear penalties
for a decrease. However, if the sector producing the minimum
reading changes, then it is not immediately obvious whether
the robot is encountering the same object, so the scores are
reduced by a factor of four. Reverse antibodies are awarded
an additional penalty, since reversing away from obstacles does
not contribute to the overall goal of moving forward toward the
target.

For dominant antigen 4 (low average laser reading), the
algorithm scores in a linear fashion, rewarding an increase
in average laser reading and penalizing a decrease. As one
of the objectives of robot navigation is to utilize space so
that collisions are avoided, it also makes sense to reward any
antibody that is able to move the robot forward from enclosed to
more open areas. The change in average reading is, hence, also
used as a global assessment-metric for all cases, regardless of
the dominant antigen. In addition, reverse antibodies that have
reduced the average reading are penalized further to discourage
their general use. Reversing is contrary to the overall goal and
should only be necessary to escape from stall situations.

When antigens 5 or 6 (stalled or blocked behind) are dom-
inant, assessment is based on the distance traveled in the half
second between reading the sensors and scoring. This scheme
provides linear rewards for movement and a �xed penalty for
failing to move.

The algorithm for dominant antigens 3 and 7 (average
reading above threshold and door marker seen) rewards faster
antibodies as the robot can afford to travel quickly when no
obstacles are present and it is not trapped. Slower antibodies
receive a small penalty. Additionally, antibodies that keep the
door marker in sight are rewarded further, and the score is
even greater for those moving directly toward it. In contrast,
antibodies close to a door marker that then lose sight of it are
penalized. Again,� � is reduced for negative speeds.

The �nal RL score� � (either positive or negative) is added
to the paratope matrix element
 �� � � � 
 �, i.e., that representing
the af�nity between the dominant antigen� 
 and the overall
winning antibody� � . However, if 
 �� � � � 
 � becomes neg-
ative as a result of this, it is set to zero. The algorithm is
summarized by


 �� � � � 
 �	 �� � ��	 �
 � 
 �� � � � 
 �	 � � � � � 	 �
 � � � � (15)

Any antibodies that are penalized also have their concentration
increase removed, i.e., their concentration is set back to the
�gures from the previous iteration.

The weaker learning strategy is the same as that described
above except that it overpenalizes the obstacle-avoidance an-
tibodies 1, 2, 4, 5, 6, 7, 8, 9, and 12 by applying the door-
tracking part of the algorithm for dominant antigens 3 and 7
to all antigens. This is too tough a test, and as a result, robots
do not tend to develop very good obstacle-avoidance strategies.
The program architecture also differs slightly as all dominant
antigens, even those with zero
 �� � � � 
 � are given a value of
two in the array� � � � � in (11). The system is thus less robust
since antibodies with zero-match to the dominant antigen may

be selected, meaning that negative reinforcement-scoring has
no effect. This encourages repeated behavior.

VI. EXPERIMENTAL PROCEDURES


� ��
 '���$ ����	 !������
��� 
�� �� 	�� !�����	�� 

The program recognizes a collision when the dominant
antigen is either blocked behind or stalled. However, on its
own, the number of collisions or stalls� 
 does not represent a
good measure of task �tness since it does not allow for robots
that are highly cautious but too slow. Robots should be able
to complete the course as rapidly and with as few stalls as
possible. On the other hand, the time to complete the course�
does not provide an indication of the robot’s safety attributes;
a fast robot is no good if it damages itself or the environment.
For this reason, a score metric� that combines the run time
with the number of stalls is used to determine task �tness.� is
de�ned by (16), where� is the ratio of mean� to mean� 
 over
all experiments (17). The score, thus, gives equal weighting to
� 
 and provides a linear combination of the two metrics that
has the same mean as� over all runs, see (18). Throughout
these experiments,� is set at 9.08, the �gure computed in a
series of pretrials using all three systems, S1–S3.
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In addition to� , the reinforcement success rate, de�ned as
the percentage of positive scores awarded, and the rate of anti-
body change (the percentage of selected antibodies that differ
from the previous iteration), are measured for each system. For
S2 and S3, the rate of idiotypic difference (the percentage of
iterations where the stage-1 winner and �nal winner differ)
and reinforcement success rate, when an idiotypic difference
occurs, are calculated, both over the entire run and during stall
conditions only. These metrics may help in explaining any
perceived differences between the systems. A set of data that
shows the iteration number and antibody used during a collision
is also preserved.
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Before exhaustive comparisons of the three systems are
carried out, several preliminary investigations are undertaken
to establish suitable parameters for� and 
 � in (6) and (8).
However, since all antibodies are to be retained in the repertoire
without replacement, it is not necessary to test so stringently
for an acceptable value for
 � . This parameter serves mainly
to determine how rapidly antibodies die out in system S3, so
as long as it is kept low in comparison to� , no antibodies
are removed from the system. Testing has shown that a value
of 0.05 is effective for this purpose when the system is im-
plemented with� � � � �

 and with 
 �

 � 
 � � � �

 . If a


