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Abstract. In this paper we present an Abstract Immune System Algorithm, based on the model introduced by Farmer et al, inspired on the
theory of Clonal Selection and Idiotypic Network due to Niels Jerne. The
proposed algorithm can be used in order to solve problems much in the
way that Evolutionary Algorithms or Artificial Neural Networks do. Besides presenting the Algorithm itself, we briefly discuss its various parameters, how to encode input data and how to extract the output data from
its outcome. The reader can do their own experiments using the workbench found in the address http://ctp.di.fct.unl.pt/~jddp/immune/.
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Introduction

Biological studies have always constituted a large pool of inspiration for the
design of systems. In the last decades, two biological systems have provided a
remarkable source of inspiration for the development of new types of algorithms:
neural networks and evolutionary algorithms.
In recent years, another biological inspired system has attracted the attention
of researchers, the immune system and its powerful information processing capabilities (e.g., [20, 10]). In particular, it performs many complex computations
in a highly parallel and distributed fashion. The key features of the immune
system are: pattern recognition, feature extraction, diversity, learning, memory,
self-regulation, distributed detection, probabilistic detection, adaptability, specificity, etc. The mechanisms of the immune system are remarkably complex and
poorly understood, even by immunologists. Several theories and mathematical
models have been proposed to explain the immunological phenomena [18, 16].
There is also a growing number of computer models to simulate various components of the immune system and the overall behaviour from the biological point
?
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of view [7, 9]. Those approaches include differential equation models, stochastic
differential equation models, cellular-automata models, shape-space models, etc.
The models based on the immune system principles, such as the Clonal Selection Theory [6, 12], the immune network model [15, 8], or the negative selection
algorithm [14], have been finding increasing applications in science and engineering [9]: computer security, virus detection, process monitoring, fault diagnosis,
pattern recognition, etc.
Although the number of specific applications confirms the interest and the
capabilities of this principles, the lack of a general purpose algorithm for solving
problems based on them contrasts with the major achievements with other Biologically inspired models. In this paper we present a modest Abstract Immune
System Algorithm. Our paper is focused on describing the algorithm itself and
how to use it.
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The Biological Model

The immune system is a very complex system with several functional components [17, 13]. It is constituted by a network of interacting cells and molecules
which recognize foreign substances. These foreign substances are called antigens.
The molecules of the immune system that recognize antigens are called antibodies. An antibody does not recognize an antigen as a whole object. Instead, it
recognizes small regions called epitopes. An antibody recognizes an antigen if
it binds to one of its epitopes. The binding region of an antibody is called the
paratope. The strength and the specificity of the interaction between antibody
and antigen is measured by the affinity of the interaction. The affinity depends
on the degree of complementarity in shape between the interacting regions of
the antibody and the antigen. A given antibody can typically recognize a range
of different epitopes, and a given epitope can be recognized by different antibody types. Not only do antibodies recognize antigens but they also recognize
other antibodies if they have the right epitope. An epitope characteristic for a
given antibody type is called an idiotope. Antibodies are produced by cells called
B-lymphocytes. B-lymphocytes differ in the antibodies that they produce. Each
type of antibody is produced by a corresponding lymphocyte which produces
only this type of antibody. When an antibody on the surface of a lymphocyte
binds another molecule (antigen or other antibody), the lymphocyte is stimulated to clone and to secrete free antibodies. In contrast, lymphocytes that are
not stimulated die after days. Thus, a selection process is at work here where
those antibodies that are stimulated by antigens or antibodies are amplified,
while the other antibodies die out.
There exist several theories to explain the dynamics of the immune system.
One of the most popular theories is the immune network model proposed by Niels
Jerne [15]. Jerne hypothesized that the immune system is a regulated network
of molecules and cells that recognize one another even in the absence of antigen.
Such networks are often called idiotypic networks which present a mathematical framework to illustrate the behaviour of the immune system. His theory is

modeled with a system of differential equations which simulates the dynamics of
lymphocytes, the increase or decrease of the concentration of lymphocyte clones
and the corresponding immunoglobins. The idiotypic network hypothesis is based
on the concept that lymphocytes are not isolated, but communicate with each
other through interaction among antibodies. Jerne suggested that during an immune response antigens will induce the creation of a first set of antibodies. These
antibodies would then act as antigens and induce a second set of anti-idiotypic
antibodies. The repetition of this process produces a network of lymphocytes
that recognize one another. With this hypothesis Jerne explains the display of
memory by the immune system.
Other important issues are the incorporation of new types in the immune
network and the removal of old types. The autoregulation of the immune system
keeps the total number of different types roughly constant. Although new types
are created continously, the probability that a newly created type is incorporated in the immune system is different for different types. In natural evolution,
the creation of new individuals result from the mutation and crossover of the
individuals in the population. In the immune system, new antibody types are
created preferably in the neighbourhood of the existing high-fit antibody types.
The biased incorporation into the immune network of randomly created species
is called the recruitment strategy [5, 3, 4].
Also fundamental for the present formulation is clonal selection theory [6,
12]. This theory states that there is a bisimilar relation between lymphocytes
and receptors, hence each kind of lymphocyte has only one kind of receptor. To
explain the predominance or the disappearing of certain kinds of lymphocytes,
the theory assumes a highly diverse initial population, composed by randomly
distributed lymphocytes. The recognition of antigens produces a reaction of lymphocytes are stimulating their reproduction, through the production of clones.
The measure of the adaptability of lymphocytes, is proportional to the intensity
of the reaction, giving more chances of survival to those kinds of lymphocytes
more stimulated on a given environment. This natural selection process together
with the high rate of mutation found on the reproduction stage, induces an increase of the concentration of the lymphocytes with the highest molecular affinity
with the form they try to eliminate.
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The Algorithm

The algorithm presented here follows closely the model proposed by Farmer et
al [11] for the dynamics of a system based on the idiotypic network model. The
dynamics of the model is described using a set of differential equations of the
form:
ẋi = c [

N
X
j=1

mji xj xi − k1

N
X
j=1

mij xi xj +

n
X

m∗ji yj xi ] − k2 xi

j=1

where N is the number of antibody types, with concentrations, respectively, x1 ,
x2 , ..., xN , and n is the number of antigen types with concentrations y1 , y2 , ...,

yn ; m∗ji correspond to the affinity between the paratope of the antibody i and
the epitope of the antigen j; mji correspond to the affinity between the paratope
of the antibody i and the epitope of the antibody j.
The first term represents the stimulation of the paratope of an antibody of
type i by the epitope of an antibody of type j. The second term represents
the suppression of the antibody of type i when its epitope is recognized by the
paratope of type j. The constant k1 represents the possible inequality between
stimulation and suppression. The third term models the stimulation provided by
the recognition of the antigen j (with concentration yj ) by the antibody of type
i (with concentration xi ). The final term models the tendency of cells to die in
the absence of any interaction, at a rate determined by k2 . The parameter c is a
rate constant that depends on the number of collisions per unit of time and the
rate of antibody production stimulated by a collision.
Since we want to model the evolution of a population of potential solutions
of a problem, we consider the following set of equations:
ẋi = c [

N
X

mji xj xi − k1

j=1

N
X

mij xi xj ] − k2 xi ,

j=1

ignoring the antigens.
With some further simplification we get the equation:
ẋi = [ c

N
X

(mji − k1 mij )xj − k2 ] xi

j=1

and finally:
ẋi = (

N
X

nij xj )xi

j=0

where nij = c (mji − k1 mij ), for j 6= 0, n0j = 0, for all j, ni0 = −k2 , for i 6= 0,
and x0 = 1 by convention.
Since this system of differential equations is not integrable using analytic
methods, the algorithm uses the finite difference method to update the concentrations of the various antibody types. Therefore, the concentration of each
antibody is approximated, on each step of the simulation, using the update rule:
xi (t + h) = xi (t) + hẋi (t)
E.g.,
xi (t + h) = xi (t) + h xi (t) (

N
X

nij xj (t) )

j=0

If k1 = 1 (equal stimulation and suppression) and k2 > 0, then every antibody
type eventually dies due to the damping term. Taking k1 < 1 favors the formation
of reaction loops, since all the numbers of a loop can gain concentration and

thereby fight the damping term. As N increases, so does the length and number
of loops. The robust properties of the loops allow the system to remember certain
states even when the system is disturbed by the introduction of new types.
Along with the three parameters (c, k1 and k2 ), which allow the tuning of the
algorithm, two others are necessary for the specification of the algorithm. We
need to set a death threshold and a recruitment threshold. The first establish the
minimum concentration under what a given antibody type is eliminated from
the population. The second indicates the minimum concentration above what
a given antibody is sufficiently stimulated to initiate the recruitment process.
Other parameters might be necessary depending on the recruitment process
used on a given implementation.
We can now formulate the Abstract Immune System Algorithm as the following steps:
Randomly initialize initial population
Until termination condition is met do
Update concentrations using equation formula
Eliminate antibodies under death threshold
Recruitment of new antibodies
As usual with this kind of algorithms, several types of termination conditions
can be considered (time, number of generations, stability, maximum concentration, ...). As for the recruitment process, there are also many approaches that
can be followed. The simplest one would be just clone and mutate the antibodies
with a probability proportional to their concentrations, but we can use a scheme
where crossover and other evolutionary processes are involved.
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Problems and Results

In order to use the Algorithm to solve a given problem we need to know how to
encode it and how to extract the result once the algorithm halts.
Each antibody represents a possible solution to the problem. Although the
usual binary representation is always possible, sometimes it is preferable to use
a different representation in order to avoid invalid solutions.
Given an encoding, the second and probably the most important thing to
do is the function that computes the affinity between one paratope and one
epitope. For this function to be effective it must take into account not only the
affinity between the two antibodies but also enhance this value according to the
relative quality of the idiotop as a possible solution to the problem. This function
corresponds to the m matrix.
A third thing that need to be established is the method of recruitment used
by the algorithm. The method can be as simple as clone and mutate antibodies
with probability proportional to their concentrations, but it can also include
other methods such as different types of crossover or any other evolutionary

method. If the newly generated antibody doesn’t exist in the population, then
it is introduced with a fixed concentration. This is the way to express diversity.
As we might expect several possible encodings exist for a given problem
and the choice will greatly influence the results obtained. Besides the different
parameters, other factors that can influence the result are the initial population
(although the algorithm states that it is randomly generated we can consider the
situation where the initial population is carefully chosen), its dimension (N ), etc.
The outcome of the algorithm will be the individual with the highest concentration of the population. Since the concentration is closely related with the
probability of using a given antibody, it seems reasonable to take as answer to
the problem the most probable potential answer found. Several other schemes
could be considered depending on the problem itself.

5

The Probabilistic Computational Model

We consider probabilistic algorithms as in [2], chapter 6. Intuitively it is easy
to recognize our Algorithm as probabilistic. The factors of uncertainty are the
randomly generated initial population and the selection of antibodies for recruitment. Each of these factors can be described as probabilistic guesses. In
this section we will address the problem of describing the Algorithm in a probabilistic format. First we will present its formal description and then we will
analyze the probability related to each step of the process.
Consider a population of N antibody types. Each antibody is represented as
a sequence of size n. In generation k, the bit j of the antibody i, is a random
k
bit variable yij
. The concentration of antibody i in generation k is the variable
PN
k
k
xi , with 0 ≤ xi ≤ 1. We assume normalization: i=1 xki = 1, for all k.
In a rough analysis of our Algorithm, we introduce a few simplifying assumptions.
Assumption 1 We assume a unique optimal solution so that each bit of the
antibody type – solution has an unique correct value.
Assumption 2 We assume a surrogate affinity measure that is proportional to
the antibody quality. The quality is measured by the number of correct bits in the
antibody sequence.
Although these assumptions are not always true, since many problems have
multiple optima and the affinity measure can take any form, they are reasonable
in many cases and hopefully will lead to new insights. By Assumption 1, there is a
single correct value for each bit in the antibody type – solution. Let bkij be the bit
Pn
k
that tells us if yij
is the correct value. Let Sik = j=1 bkij be the number of correct
values in antibody i in the generation k. By Assumption 2, the affinity function
is proportional to Sik . The best element of the population is Ak that corresponds
to maxi Sik . Given a generation, with affinities {Sik−1 }1≤i≤N , with k > 0, we can
construct the next generation by successively updating and normalizing antibody

concentrations, removing the antibody types with concentrations under the death
threshold and incorporating newly generated antibodies. The Abstract Immune
System Algorithm can be formally stated as follows:
0
(Initialize) Generate uniformly yij
, for every 1 ≤ i ≤ N , 1 ≤ j ≤ n.
0
Assign xi to its initial value. Calculate all Si0 and A0 . k ← 1.

(Iterate) While Ak−1 < n do
(Update) Use the rule
Z
xki

=

xk−1
i

k

+c

xi (t)
k−1

N
X

nij xj (t)dt

j=1

to update the concentrations of the antibody types.
Normalize the concentrations.
(Eliminate) Remove all antibody types with concentrations xki less
than the death threshold. Update the value of N .
(Recruitment) Randomly select for recruitment, with probabilities
xki , antibody types with concentrations greater than
the recruitment threshold. Mutate the selected antibody types (modifying one bit of each) introducing
the newly created antibodies into the population. Update the value of N .
(Evaluate) Evaluate each Sik . Determine Ak .
(Increment) k ← k + 1.
(end iteration)
Some steps of the Algorithm display a completely deterministic behaviour.
Update will only affect the distribution of concentrations within the antibody
types of the population. This will only influence the choice of an antibody for
deletion and for recruitment. Eliminate will affect the population, but since an
antibody eligible for recruitment could never be eligible for deletion it will not
affect the Recruitment step. We will then concentrate in the two steps that
display probabilistic behaviour.
0
For the initial population, yij
is generated uniformly. The probability of
choosing a correct bit is always 1/2 for each bit. Also b0ij is like tossing n coins. By
0
construction, yij
and b0ij are independent variables. Hence Si0 has binomial distribution B(n, 1/2). Further, all Si0 are independent from each other, though clearly
0
not independent of the corresponding yij
and b0ij . The average affinity of the ini0
tial population is proportional to E[Si ] = n/2. With N independent members
of the population, we have P (A0 ≤ J) = P (maxi Si0 ≤ J) = P (Si0 ≤ J, ∀i) =
(F (J))N where F (J) is the cumulative distribution function of B(m, 1/2), from

0 to J. The expectation value of A0 is given by the expression
E[A0 ] =

n−1
X

[1 − (F (J))N ].

J=0

In generation 0 the members of the population are independent. Subsequent
generations depend on the previous ones. However, their correlation is greatly
reduced by virtue of the distribution of affinities and for sufficiently large N .
The first part of the recruitment process is the selection of antibody types determined by the concentrations. Only antibody types with concentrations above
the recruitment threshold are eligible for reproduction. The process of Recruitment will increase the size of the population. Given an antibody type p selected
at random with affinity Spk−1 , we derive the probability distribution of the affinity Sik of the offsprings. In this rough analysis we make one more assumption.
Assumption 3 Given that the parent have J correct bits, the location of the
correct bits is distributed uniformly and the correct bits are independent of each
other.
Assumption 3 will be true in early generations, but becomes less accurate
as the population converges. The impact of this assumption will be judged empirically. Given the selected antibody type, the mutated bit will either change
from an incorrect value to a correct one or change from a correct to an incorrect
value. Then for the offspring we have
Sik

n
X

=

bkij + wl

j6=l

where wl is a Bernoulli variable corresponding to probability 1/2. The maximum
value of J can take is given when all the correct bits remain unchanged and the
bit selected mutates to a correct value. In this situation we have Sik = Sik−1 + 1.
Under the Assumption 3 we have
µ ¶ 0
n J J
J0
k
k−1
0
P (Si = J|Sp = J ) =
( ) (1 − )(n−J)
J
n
n
For a sufficiently large N , we may approximate P (Sik ≤ Ji , 1 ≤ i ≤ N ) ≈
QN
k
i=1 P (Si ≤ Ji ). According to our assumptions, we have
P (Sik ≤ J) ≈

n
X

P (Sik ≤ J|Spk−1 = I)P (Spk−1 = I)

I=0

The first factor of the sum can be computed from the equation above for P (Sik =
J|Spk−1 = J 0 ). The second factor is given as the inductive step. Then
E[Sik ] =

n−1
X

[1 − P (Sik ≤ J)N ].

J=0

Pn−1
Since P (Ak ≤ J) ≈ [P (Spk ≤ J)]N , we get E[Ak ] ≈ J=0 [1 − P (Ak ≤ J)]. To
compute E[Ak ], we compute the anchor distribution of Si0 as given before, and
then, inductively, we compute the distributions of Sik .
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Examples

In this section we present two of the examples used to test the Algorithm. A
workbench of classes/interfaces in Java was programmed. The source code, its
documentation and the examples (to be tested by the reader) can be found at
the address http://ctp.di.fct.unl.pt/~jddp/immune/.
The first example selected is a classical maximization problem. The aim of
this example is to show how to use the Algorithm in its simplest form to solve a
problem that is very well studied for other Biologically inspired algorithms. We
considered the power function f (x) = (x/c)n , where c is a normalizing constant
(with n = 10).
We considered a binary representation with 30 bits per antibody corresponding to a large search space. Then we had to define an affinity function. As suggested in Section 4, we considered two factors to compute this function. The first
factor represents the quality of the antibody, given by the function f we aim to
optimize. The second factor represents the correlation between an antibody and
any other antibody of the population, for this we used the Hamming distance
between the two antibody strings u and v of size m
H(u, v) =

m
X
i=1

ui (1 − vi ) +

m
X

vi (1 − ui ).

i=1

The final affinity function is
Affinity(u, v) = f (u) × H(u, v)
The third aspect is the recruitment method. We add to the population mutated
clones of the antibodies with concentration above the recruitment threshold.
The Algorithm was used with different initial population sizes and various
parameters and, most of the times, it was capable of finding a near optimal
solution in only a few generations.
As second example we considered the Iterated Prisoner’s Dilemma. The aim
of this example is to show the use of the Algorithm with a less trivial problem,
and the use of more sophisticated antibody representation and affinity function.
The prisoner’s dilemma is a classic problem of conflict and cooperation [19,
1]. In its simplest form each of two players has a choice of cooperating with
the other or defecting. Depending on the two players’ decisions, each receives
payoff according to a payoff matrix. When both players cooperate they are both
rewarded at an equal, intermediate level (reward, R). When only one player
defects, he receives the highest level of payoff (temptation, T), while the other
player gets the sucker’s just deserts (sucker, S). When both players defect they
each receive an intermediate penalty (P). The prisoner’s dilemma has often been

cited as a simple yet realistic model of the inherent difficulty of achieving cooperative behaviour when rewards are available for the successful miscreant. The
problem is called the prisoner’s dilemma because it is an abstraction of the situation felt by a prisoner who can either cut a deal with the prosecutor and thereby
rat on his partner in crime (defect) or keep silent and therefore tell nothing of
the misdeed (cooperate).
Player 2
Cooperate
Defect
Cooperate R=6, R=6 S=0, T=10
Player 1
Defect T=10, S=0 P=2, P=2
Table 1: Prisoner’s Dilemma Payoff Matrix.

The problem is made more interesting by playing it repeatedly with the same
group of players, thereby permitting partial time histories of behaviour to guide
future decisions. This so-called iterated prisoner’s dilemma has drawn interest
from game theorists for a while.
A strategy for the Iterated Prisoner’s Dilemma is not obvious. The goal to
the algorithm was to come up with the best possible strategy.
As ever, our first concern is to provide a representation for the possible
solutions of the problem. To represent a strategy we will need to what to do
next based on the history of past plays.
In our representation, to decide on a current move, a current player will
look at the past three rounds before making a decision. If a single round can
be represented by 2 bits: CC, CD, DC, DD, a three round memory requires 6
bits. By choosing to represent a cooperation (C) as a 0 and a defect (D) as a 1,
a simple history pattern can be recorded. For instance, 10 00 01 will represent
that Player 2 defected three rounds ago, they both cooperated two rounds ago,
and Player 1 defected last round. In order to choose a current move, a Player
must have a strategy for all possible previous three rounds. In other words, a
Player must have 64 (26 ) different strategies on how to play. Also, a strategy
consists of defecting or cooperating, which can be represented by a single bit (0
for cooperate and 1 for defect). These facts allow the creation of our bit string
for the algorithm. Each bit represents a strategy for a given past three rounds.
The index value for the bit string is directly computable from the 6-bit history,
it is merely the conversion of the 6-bit history into the corresponding number.
So, the representation of a strategy for the prisoner’s dilemma is a 70-bit string.
The first 64-bits are to be used to determine the current move based on past
moves. The last 6 bits are to be used to determine the first move. Of course this
representation can be generalized to consider the n previous rounds to make the
decision, instead of just three. Note however that the size of the antibodies will
increase exponentially.
Our second concern is to choose an affinity function. The obvious choice is
to make different strategies play against each other and use the difference of
the scores as the affinity. Obviously, the number of rounds we choose to play

will influence the accuracy of the affinity function. On the other hand, since the
algorithm will test the affinity of each antibody against all other, choosing a
large number of rounds will slow down the algorithm greatly. For this example
we used and affinity function that will play 20 rounds.
Our last concern is to provide a recruitment method for the algorithm. As we
did on the first example, as recruitment method we use cloning and mutation.
A mutation function can easily be implemented by randomly change the value
of a small number of bits.
Finally, as a way to improve the performance of the algorithm, we introduced
in the initial population several antibodies representing well known proposed
strategies, such as:
– nice – Player cooperates all the time;
– mean – Player defect all the time;
– tit-for-tat – Player cooperates for the first move, and the copies the other
player’s last move;
– opp-tit-for-tat – Player defects for the first move, and the copies the other
player’s last move;
– cd – Periodic behavior - plays CDCDCD
– ccd – Periodic behavior - plays CCDCCD
– dcc – Periodic behavior - plays DDCDDC
– pavlov – Player cooperates if both players played the same action in the
last round.
Even with a random initial population the algorithm was able to discover
strategies that beat the overall performance of the bf tit-for-tat strategy.

7

Conclusions and Future Work

We proposed a problem solving algorithm based on the model of the immune
system of Farmer et al, referred as Abstract Immune System Algorithm. The
Algorithm proved to be capable to solve small to moderate size problems in an
efficient and reliable way.
Future work might concentrate on the study of variants of the Algorithm
and the impact of its parameters. As with evolutionary algorithms, the Abstract
Immune System Algorithm can be subject of variations, concerning either the
order of operations or different recruitment strategies. Another area for further
exploration is the experimentation of the algorithm in a larger set of problems
and the study its adequacy. We might be concerned both with the quality of
the results and the characterization of the class of problems best suited for the
algorithm. The consideration of different representations, affinity functions and
recruitment methods dealing with well known problems can prove of particular
interest.
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