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Abstract—Reinforcement learning is a framework in which
an agent can learn behavior without knowledge on a task or an
environment by exploration and exploitation. Striking a balance
between exploration and exploitation is one of the key problems
of action selection in reinforcement learning. Exploitation
causes the agent to reach a locally optimal policy quickly,
whereas excessive exploration degrades the performance of the
algorithm, though it may improve the learning performance and
escape from a locally optimal policy. Recently the human
immune systems have aroused researcher’s interest due to its
useful mechanisms which can be exploited for information
processing in a complex cognition system. In this paper, we
transplant some immune mechanisms into the basic Q-learning
algorithm and convert Q-learning algorithm into a search for
the optimum solution in combinatorial optimization.
Experiments show that the improved Q-learning converges
more quickly than Q-learning or Boltzmann exploration, and
easily obtains the global solution set.

I. INTRODUCTION
Reinforcement learning is a Framework in which an
autonomous agent can learn behavior without knowledge on a
task or an environment by progressively improving its
performance based on given rewards when the learning task is
performed. As one of the most rapidly developing machine
learning methods [1], reinforcement learning includes the
temporal difference algorithm proposed by Sutton [2] and the
Q-learning of Watkins [3], [4]， which have been extensively
used in many fields such as industrial control, time sequence
schedule [5], robot navigation [6], and many more.
Although it can learn even in an unknown environment,
reinforcement learning requires hundreds of trials of the
given task. Additionally, large computation costs are
expended by such exploration-oriented methods as
Q-learning [7], which brings about the problem of needing a
long time to converge to learning results. At the same time,
people are looking for a way to reduce the convergence time
when apply the Q-learning algorithm on some applications,
such as robot navigation and online decision system. That is
why to find the proper balance between exploration and
exploitation in Q-learning is one of the most important things.
Exploitation occurs if the action selection strategy is based
purely on current values of the state-action pairs (SAPs), i.e.,
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when the selection is greedy. In the case of most of the
optimization problems, this will lead to locally optimal
policies instead of a globally optimal one. On the contrary,
exploration is the strategy based on the assumption that the
agent selects a nonoptimal action in the current situation and
allows it to neglect the locally optimal policies in order to
reach the globally optimal one instead. The excessive
exploration will drastically decrease the performance of a
learning algorithm, and in some cases might have potentially
disastrous consequences with respect to the learning results
themselves [8].The trade-off dilemma between exploration
and exploitation has been investigated by a lot of researchers
previously. There are a lot of methods addressing this balance
problem, such as dynamic-programming, learning automata
and randomized strategies (including Boltzmann exploration)
[9]. However, dynamic-programming approach provides
formal guarantees only for the case of immediate reward and
are not extensible in an obvious way to the delayed
reinforcement case, and randomized strategies easily get no
direction in exploration and converge unnecessarily slowly
when the values of the actions are not separated enough.
A simple strategy proposed to deal with this problem
on Q-learning is the simple ε-greedy (with 0 < ε< 1), with
larger ε corresponding to larger probability of exploration
[8]. It shows good results on some problems when ε is set to
nonzero. However, excessive exploration becomes
unnecessary on fixed ε after a period of an initial interaction
between the agent and the environment (assuming, of
course, that the state-action-pair values are constant). While
reinforcement learning is usually adopted as a real time
learning method, excessive exploration will unavoidably
cause the decreasing performance of reinforcement learning.
Therefore, it is meaningful to explore the possibility of
improving the Q-learning approach by appropriately
adjusting greedy search steps during the learning process.
Through this method, it will not only improve the ability of
the agent to acquire new knowledge from environment, but
will also enhance the performance of the algorithm if it is set
to the constant value of ε (and thus constant probability of
exploration) [10]. In other words, for efficient and believable
online performance, an exploration strategy also has to avoid
cycling through previous solutions and know when to stop
without getting stuck in a local optimum.
In this paper, the task of finding the optimal policy in
Q-learning is transformed into search for an optimal solution
in a combinatorial optimization problem. Then the
hypermutation mechanism from immune system is applied
to the search procedure in order to keep the balance between
exploration and exploitation.
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The rest of the paper is organized as follows. Section II
introduces the overview of reinforcement learning briefly
and its main approach, Q-learning algorithm. Section III
gives the outline of the immune mechanism which will be
used in this paper. Section IV presents the improved immune
algorithm based on immune scheme. Section V shows the
experiments and simulation results and finally, we give our
conclusions and suggestion for future work in Section VI.
.
II. REINFORCEMENT LEARNING AND Q-LEARNING
APPROACH
In reinforcement learning, a learning agent interacts wit
its environment by taking actions and accepting input from
the environment. Input from the environment constitutes the
state of the environment followed by an immediate reward.
State information passed the agent summarizes all currently
relevant information about the environment. The object of
reinforcement learning is to maximize the rewards that a
learning agent receives by improving its behaviors through
the interaction between the agent and an environment using
a reinforcement signal; these rewards are considered given
by the environment.
Q-learning was presented as one of the most important
reinforcement learning algorithms by Watkins in 1989 [4].
In this learning method, the learning process needs to update
the state-action value Q(s, a) based on the reward received
and the simplest One-step Q-learning can be described
through the following Q-function:
Q (s, a ) ≡ Q (s, a ) + ∆ Q (s, a )
while

∆Q(s, a) ≡ α(r(s, a) +γ maxQ(s', a' ) − Q(s, a))
a'

s ' = δ ( s, a )
Where Q(s, a) is the value function of the state-action
pair ( s , a ) at moment t. αand γ refer to the learning rate and
discount factor respectively, and r, s ' and a ' means the
reward value function, next state and next action,
respectively [8].
The one step Q learning algorithm can be described with
following pseudo:

end
Rand: Choose a random (initial) state;
S: one of the goal states;

Ne

: The desired numbers of episodes have been
investigated.
The procedure for Q-learning, or the procedure for
solving for Q(s, a) is to infinitely repeat the two-step loop:
1.select a particular state s and a particular action a, observe
the immediate reward r for this state-action pair, and observe
the resulting state s'; 2. keep adjusting ∆ Q(s, a) until
choosing the optimal action s among all possible actions that
can be taken in the successor state s' leading to the greatest
Q-value. For any stationary Markov Decision Problem, the
Q-learning procedure is guaranteed to converge to the
correct values, provided that the learning rate parameter is
decreased over time with an appropriate schedule. Each
state-action pair must be visited sufficiently often for
learning to converge since convergence of reinforcement
learning stochastically depends on visiting every state
infinitely often. The mechanism in this one step Q-learning
algorithm adopts a greedy strategy with pure exploitation
which basically selects the optimal action according to the
current state-action pair. It tries to maintain a better speed of
convergence with a simple calculation. However, it is not
hard to see that it generally difficult to obtain satisfactory
results and after some iterations the search progress will be
trapped in local optima since agent chooses the next action
based on instant reward. Although the algorithm modified
with ε-greedy strategy can search for nonoptimal actions to
make the agents gain a more accurate knowledge, it may
results in the decrease of system performance due to the over
exploration with the fixed probability ε. Thus it is necessary
to improve the Q-learning algorithm by adjusting greedy
search adaptively, which helps with convergence not only in
running towards global optima but also in guiding when to
stop for saving searching time.

III. IMMUNE MECHANISM

Initiate arbitrarily all Q(s,a) values;

The immune system is a complex of cells, molecules
and organs with the primary role of limiting damage to the
host organism by antigens (Ag), which elicit an immune
response. One type of response is the secretion of antibody
s
≠
S
)
Do while (
molecules by B cell. Antibodies (Ab) are Y-shaped receptor
r=r(s, a) , a ∈ A( s ) ;
molecules bound on the surface of a B cell with the primary
role of recognizing and binding, through a complementary
s ' = δ(a,t);
match, with an antigen. Details about the immune network
Q(s, a) ≡ Q(s, a) +α(r(s, a) + γ maxQ(δ (s' , a' ) − Q(s, a))theory and terminology are found in [11] and [12].
a'
In the normal course of the immune system evolution,
s = s' ;
the strength and specificity of the Ag-Ab interaction are
end
measured by the affinity of their match [13]. The initial

Ne

For i=1:
Rand(s);
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exposure to an Ag that stimulates an adaptive immune
response is handled by a small number of low-affinity B
cells. The effectiveness of the immune response to
secondary encounters is enhanced considerably by the
presence of memory cells associated with the first infection,
capable of producing high-affinity Ab’s just after
subsequent encounters. From this procedure, we can see that
learning in the immune system involves raising the
population size and the affinities of those lymphocytes (B
cells) that have proven themselves to be valuable during the
antigen recognition phase. Thus, the immune repertoire is
raised from a random base to a repertoire that more clearly
reflects the actual antigenic environment [14].
In a T-cell dependent immune response, the repertoire
of Ag-activated B cells is diversified basically by two
mechanisms: hypermutation and receptor editing, which are
used to introduce diversity during an immune response.
Receptor editing offers the ability to escape from local
optima on an affinity landscape. If a particular Ab (Ab1) is
selected during a primary response, then somatic mutations
allow the immune system to explore local areas around Ab1
by making small steps toward an Ab with higher affinity,
leading to a local optima (Ab1*). Because mutations with
lower affinity are lost, the Abs tend to go up the hill.
Receptor editing allows an Ab to take large steps through the
landscape, landing in a locale where the affinity might be
lower (Ab2). However, occasionally the leap will lead to an
Ab on the side of a hill where the climbing regions is more
promising (Ab3), reaching the global optimum. From this
locale, hypermutations can drive the Ab to the top of the hill
(Ab3*). In conclusion, somatic mutations are good at
exploring local regions, while editing may rescue immune
responses stuck on unsatisfactory local optima [15]. In our
implementation, it was assumed that the number of clones
generated for all these n selected antibodies was given by
equation:
n

∑ round

Nc =

(

i =1

β •N
i

D =

∑

i =1

δi,

where

n

R = ∏ A( si )

si (i =1, 2,…, n) are the
A( si ) are the sets of actions
possible environment states,
s
allowed in each of the state i , respectively. A problem

as set

i =1

, where

policy will be represented as an n-tuple
with

(a1, a 2 ,..., a n )

,

ai ∈ A( si ) . Then the change of any element in an
(a1, a 2 ,..., a n )

n-tuple
corresponds to the transition from
one solution to another in the policy space R. For example,
assume that the ith element is changed to be

bi ,

bi ∈ A( si ) .Then the
new corresponding n-tuple
(a1, a2 ,..., ai −1, bi , ai +1 ,..., a n )
.

becomes

The policy R is a function that maps the system state to
an action to be taken by the agent. Through interaction with
the environment, the agent learns both an action-value
function of a policy denoted as Q ( s, a ) , which maps state
s and action a to a “long-term” reward as follows [16]:
∞

Q R ( s, a ) = ∑ γ t r t +1
k =0

0<γ ≤1

And the value function V (R) which is used to evaluate
the policy is
n

V ( R) = ∑ Q R ( sk , a k )

)

k =1

Where Nc is the total number of clones generated for
each of the Ag’s, β is a multiplying factor, N is the total
number of Ab’s, and round(.) is the operator that rounds its
argument toward the closest integer. The affinity measure
takes into account the Hamming distance (D) between an
antigen Ag and an antibody Ab.

L

appropriate state space (e.g., game problems). It is based on
observing the environment changes from one state to another
as a result of actions taken by an agent. In this process, the
value function of the state (or the state-action pair) is
calculated so that the optimal policy can be found. In a
typical Q learning problem, we can describe the policy space

1, if

δ i =  0,



Ab ki ≠ Ag

ji

otherwise

IV. IMPROVED Q-LEARNING ALGORITHM
Reinforcement learning is to find the optimal policy (or
path) given an initial state and a goal state in some

It is the sum of all the Q-values obtain for given policy.
Immunity-based techniques are gaining popularity in
wide area of applications, and emerging as a new branch of
Artificial intelligence. They have been applied to search for
the optimum in the solution space of combinatorial
optimization problems (like, e.g., the traveling salesman
problem). Since the policy space is defined in the discrete
Markov decision process environment, it becomes possible
to transplant some immune mechanisms into the Q-learning
approach.
In the proposed algorithm, the algorithm does not obey
the policy learned so far like traditional Q-learning
algorithm, but also attempts to explore by increasing
chances of selecting actions which may connect to global
optimal policy based on the hypermutation mechanism of
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immune system. In some sense, we make the algorithm
move towards another direction instead of its original one
for greedy search. The pseudo is presented as follows:
Initiate arbitrarily all Q(s,a) values;

Ne

For i=1:
Rand(s);

Do while ( s ≠ S )
fit=0;

Q ( s, a g ) − Q ( s, a R )

in order to reduce the amount of
computation, there is no substantial increase of complexity
amongst them as the two steps require constant time to
evaluate. In addition, the proposed Q-learning algorithm
eliminates the disadvantage of a common ε-greedy approach
and the exploration will easily converge to global set with
the hypermutation scheme.

a = aR

V. EXPERIMENT

N
For i=1: c
a g = rand ( A( s ));
If

In our experiment, we use a simple maze problem taken
from [17] to test the proposed algorithm and compare with
the results of basic Q-learning algorithm equipped with the
ε-greedy strategy and of the Boltzmann exploration.

| (Q ( s , a g ) − Q ( s , a R )) |> fit
a = ag
fit=|

(Q ( s, a g ) − Q ( s , a R )

|

end
end
r=r(s, a);

s ' = δ(a,t);

Q(s, a) ≡ Q(s, a) +α(r(s, a) +γ maxQ(δ(s' , a' ) −Q(s, a))
a'

s = s' ;
end
update

Nc ;

end
Rand: Choose a random (initial) state;
S: one of the goal states;

N e : The desired numbers of episodes to be
investigated.

N c : hypermutation number
In our Algorithm, we regard that the policy R1 is
superior to the policy R2 ifV ( R1 ) > V ( R2 ) according to
the reward maximization rule. We compare the value of a
policy to the mutation state in immune progress and it will be
used in the algorithm to decide the probability of next action
in combination with hypermutation mechanism. Through
this implementation, the Q-learning algorithm has been
converted into the combinatorial optimization problem in
the policy space and the introduction of the immune
mechanism is rational.
Comparing the description of one step Q-learning
algorithm, there are only two additional steps in the
proposed algorithm: the mutation selection of action and the
fitness values of hypermutation. Since we replaces the
difference of the value functions between the policies with

In this 22*17 puzzle problem (Fig. 1) above, there are
six goal states (marked by G’s) and the bold lines represent
the walls. Any state can be a starting state. The task is to
construct an optimal policy for moving from any state to a
goal state.
The agent is located in one of the squares of the grid (the
current state) and has the choice among eight possible
actions. The four one-step actions are: NORTH, SOUTH,
WEST, and EAST. As their effect the agent moves one
square forward in the corresponding direction. Once
encountering the wall, the agent has no possibility of moving
in the given direction—the resulting state after such action is
the original one. In the case of the four compound operators:
NORTH-TO-WALL,SOUTH-TO-WALL,WEST-TO-WAL
L, and EAST-TO- WALL, the agent moves in the stated
direction until it reaches a wall. These operators have
q
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Fig. 1. A small maze problem.
different costs. The single-step operators cost 1 unit; the
compound operators cost 3 units; and the wall-following
operators cost 5 units. The robot receives a reward of 100
units when it reaches the goal. The goal is to find the policy
that maximizes the total reward received by the robot and the
optimal path to the goal states.
In order to evaluate its performance, the number of
solution sets learned by proposed Q-learning algorithm was
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compared to the results of other searching methods. The
ability of the solution found, in terms of differences between
the paths proposed by the policy learned by the algorithm,
and the optimal paths for this problem, found by other
algorithms as a function of the episode.

determine the performance of the applied method such as
convergence speed, the computational complexity and its
capability to fulfill an optimal search. The table.1 presents
the experiment results on the different value of

N c .It clearly
N

shows the trade-off between average iterations and c and
indicates that the convergence speed increases when

The comparison has been done for the Boltzmann

N c increases. This result meets our expectations since
N
larger number of c refers to larger number of available
clones which accelerates the speed of convergence in terms
of program iterations. The computational time per iteration
also increases linearly with

Nc

VI. CONCLUSIONS

Fig. 2. Optimal solution learned by algorithms.
exploration algorithm, the basic Q-learning algorithm (i.e.,
the 0-greedy strategy), and the proposed Q-learning
algorithm.
The graph in Fig. 2 shows the results found by these
algorithms. The quality is measured by taking the ratio
between the number of steps on the optimal path from the
initial state to a goal state, and the number of steps on the
path proposed by the policy learned so far. We can see
clearly that this ratio is higher for the proposed Q-learning
algorithm than for the Boltzmann exploration and much
better than Basic Q learning. This result may probably
caused by the lack of searching direction on convergence.
For the proposed Q-learning algorithm, however, the
chances of converging to nonoptimal policies are much
TABLE 1 ITERATIONS VS. NC

In this paper, we solved the optimal policy learning in
Q-learning algorithm as a combinatorial optimization
problem by introducing some immune mechanisms to strike
a balance between exploration and exploitation in the
Q-Learning progress. Theoretical results show that the
improved Immune Q-learning is superior to the standard
Q-learning algorithm with respect to learning results, such as
convergence speed and greed for global optima. Extensive
experiments indicate that the proposed Q-learning shows
superior results when compared to classic Q-learning
algorithm and also exhibits improved performance in
comparison with other random learning algorithms such as
the Boltzmann exploration.
Further work in the area can be dedicated to analyze the
convergence speed of the proposed Q-learning algorithm in
relation to the hypermutation parameters. Also the boundary
on use of hypermutation factor to guarantee the global
optima needs to be further analyzed.
.
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