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Abstract:
Reinforcement Learning (RL) is an area of Artificial Intelligence (AI) concerned with how an agent should take
actions in a stochastic environment so as to optimize a cumulative reward signal. This paper investigates a
modified approach to action value methods used to solve n-armed bandit problems where one faces repeatedly
with a choice among n different options. The selection of the action may be exploring or exploiting. After each
choice a numerical reward is received that depends on the action selected. The objective of this problem is to
maximize the expected total reward over a period of time.
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1. Introduction
The motivation of this paper is to obtain an optimal control policy in a stochastic environment which can be
applied to a wide variety of applications [5] commonly known as Markov Decision Problems (MDPs). Markov
decision problems provide a mathematical framework for modeling decision-making in situations where
outcomes are partly random and partly under the control of a decision maker. MDPs are useful for studying a
wide range of optimization problems. Artificial Intelligence (AI) offers scope in solving such problems using
techniques of Dynamic Programming (DP), Heuristic approaches and Reinforcement Learning (RL). AI is
defined as the study and design of intelligent agents [6] that perceives its environment and takes actions that
maximize its chances of success. An MDP[4] framework [9] has the following elements: a) State of the system,
b) Actions, c) Transition probabilities, d) Transition rewards, e) a Policy and f) a Performance Metric. Dynamic
programming is guaranteed to give optimal solutions to MDPs.
Dynamic Programming [15] is a very powerful sequential algorithmic paradigm in which a problem is solved by
identifying a collection of sub-problems and tackling them one by one, smallest first, using the answers to small
problems to help figure out larger ones, until the whole lot of them is solved. Dynamic programming suffers
from certain major limitations. Obtaining the Transition Probabilities, the Transition Rewards, and the transition
times is a difficult process involving complex mathematics. A complex stochastic system with many random
variables can make this a very challenging task commonly known as the Curse of Modeling. DP may fail for a
large scale problem with huge solution spaces due to the difficulty of storing large matrices in computers known
as the Curse of Dimensionality [12].
Heuristic and meta-heuristic approaches [1] are preferred in the real world as it is hard to construct the
theoretical model required in an MDP formulation. Heuristic refers to experience-based techniques for problem
solving, learning, and discovery. Popular Heuristic techniques [10] are Simulated Annealing (SA), Artificial
Neural Network (ANN), Genetic Algorithms (GA), Particle Swarm Optimization (PSO), Ant Colony (ACO),
Stigmergy, Wavelet Theory, Fuzzy Logic (FL) and Tabu Search (TS). Heuristic algorithms do not guarantee to
find a solution, but if they do, are likely to do so much faster than deterministic methods. The limitations of
Heuristic approaches are that they are inexact methods that produce solutions in a reasonable amount of
computer time.
Reinforcement learning [2] is also a sequential algorithmic decision method, based on natural learning
mechanisms, for finding optimal solutions in problems where decisions or controls are applied to systems over
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time to achieve a goal. Reinforcement learning [7] is one of the most active research areas in machine learning
and Artificial Intelligence. It is widely used in various scientific domains such as Optimization, Vision, Robotic
and Control [11], Theoretical Computer Science, Multi-Agent Theory, Computer Networks, Vehicular
Navigation, Medicine, Neuroscience [16][17][18] and Industrial Logistics.
Reinforcement Learning is learning from interactions with an environment, from the consequences of action,
rather than from explicit teaching. It is essentially a simulation-based dynamic programming [8] and is
primarily used to solve Markov Decision Problems. Reinforcement Learning algorithms are methods for solving
problems involving sequences of decisions in which each decision affects what opportunities are available later,
in which the effects are generally stochastic. RL algorithms [3] may estimate a value function and use it to
construct better and better decision making policies over time. The two most important distinguishing features
of Reinforcement Learning are trial and error search and Delayed reward. Model-free methods of RL do not
need the transition probability matrices and hence avoid the curse of modeling. RL stores the value function in
the form of Q-factors. An MDP has millions of states. It uses the function approximation methods, such as
Neural Networks, regression and interpolation, which need only a small number of scalars to approximate Qfactors of these states and hence avoid the curse of dimensionality. A comparison of DP, RL and Heuristic
algorithms is shown in Table-I.
Table 1. Comparison of DP, RL & Heuristic Algorithms

Method

Level of Modeling
Effort

Solution Quality

DP

High

High

RL

Medium

High

Heuristics

Low

Low

Reinforcement Learning hence offers much scope in solving MDPs as it offers lesser modeling effort and high
solution quality. This paper investigates a classical Markov Decision Problem using Reinforcement Learning
concept.
2. n-Armed Bandit Problem
Consider a general learning problem where one faces repeatedly with a choice among n different options or
actions. This is a classical MDP. After each choice a numerical reward is received from a stationary probability
distribution that depends on the action selected. The objective is to maximize the expected total reward over a
period of time. These types of problems are often referred to as an n-armed bandit problem so named by analogy
to a “one armed bandit” having n levers.
In an n-armed bandit problem, each action has an expected or mean reward given that the action is selected. This
is called the value of that action. One is encountered with the situation to choose an action depending on the
value estimates. At any time there is at least one action whose estimated value is the greatest. This is called a
greedy action. If you select a greedy action, then you are exploiting your current knowledge of the values of the
actions. If you select one of the non-greedy actions, then you are exploring because this enables you to improve
your estimate of the non-greedy action's value. Exploitation is the right thing to do to maximize the expected
reward on the play, but exploration will produce the greater total reward in the long run. The selection of action
thus may be exploring or exploiting. Various methods are used to assign a value to an action known as action
value methods. Action Value methods are commonly used in Artificial intelligence, Robotics and Optimal
Control applications.
3. Action Value Methods
Let us denote the true or actual value of an action ‘a’ as Q*(a), and the estimated value at the tth play as Qt(a).
The true value of an action is the mean reward received when that action is selected. This is estimated by
averaging the rewards actually received when the action was selected. If at the tth play action ‘a’ has been
chosen Ka times prior to t, yielding rewards r1, r2, r3, ……..rKa , then its value is estimated to be

Qt (a) 

r1  r2 ..... rKa
Ka

(1)

As K a   , Qt(a) converges to Q*(a). The simplest action selection rule is to select the action or one of the
actions with highest estimated action value, that is, to select on play t one of the greedy actions, a*, for which
Qt(a*) = maxaQt(a) . This method always exploits current knowledge to maximize immediate reward. Another
alternative is to behave greedily most of the time, but every once in a while, say with small probability,, select
an action at random, uniformly, independently of the action-value [13] estimates. This method using near-
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greedy action selection rule is called -greedy method. An advantage of these methods is that, in the limit as the
number of plays increases, every action will be sampled an infinite number of times, guaranteeing that
K a   for all a, and thus ensuring that all the Qt(a) converge to Q*(a).
3.1. Matlab Simulations
Simulations were carried out to assess the relative effectiveness of the greedy and -greedy methods, we
compared them numerically on a suite of 3000 randomly generated n-armed bandit tasks with n=10. For each
action, a, the rewards were selected from a normal probability distribution with mean Q*(a) and variance 1. The
3000 n-armed bandit tasks were generated by reselecting the Q*(a) 3000 times, each according to a normal
distribution with mean 0 and variance 1 . We call this suite of test tasks the 10-armed testbed. Averaging over
tasks, we plot the performance and behavior of various methods as they improve with experience over 2000
plays, as in Figures 1.1 – 1.4.

Fig. 1.1

Fig. 1.2

Figure 1.1 compares average reward received and Figure 1.2 compares cumulative average reward received for
a greedy method with two -greedy methods ( = 0.01 and  = 0.2) on the ten armed testbed.
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Fig 1.3

Fig 1.4

Figure 1.3 compares percentage optimal action and Figure 1.4 compares cumulative percentage optimal action
for a greedy method with two -greedy methods ( = 0.01 and  = 0.2) on the ten armed testbed.
The -greedy methods eventually perform better because they continue to explore, and to improve their chances
of recognizing the optimal action. The  = 0.2 method explores more, and finds the optimal action earlier, but
never selects it more than 91% of the time.  = 0.01 method improves more slowly, but eventually performs
better than the  = 0.2 method on both performance measures.
4. Modified Action Value Method
Although -greedy action selection is an effective and popular means of balancing exploration and exploitation
in reinforcement learning, one drawback is that when it explores it chooses equally among all actions. This
means that it is as likely to choose the worst-appearing action as it is to choose the next-to-best action. In tasks
where the worst actions are very bad, this may be unsatisfactory. The obvious solution is to vary the action
probabilities as a graded function of estimated value. The greedy action is still given the highest selection
probability, but all the others are ranked and weighted according to their value estimates. These are called
softmax action selection rules. The most common softmax method uses a Gibbs, or Boltzmann, distribution
[14]. It chooses action on the tth play with probability

P

e Qt ( a ) / 
n

 e Qt (b ) / 

(2)

b 1
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where  is a positive parameter called the temperature. The temperature  can be decreased over time to decrease
exploration. High temperatures cause the actions to be all equi-probable. Low temperatures cause a greater
difference in selection probability for actions that differ in their value estimates. In the limit as 0, softmax
action selection becomes the same as greedy action selection. This method works well if the best action is well
separated from the others, but suffers somewhat when the values of the actions are close.
4.1. Matlab Simulations
Softmax action selection also was carried out on the same 10-armed testbed on a suite of 3000 randomly
generated n-armed bandit tasks and results consolidated in Figures1.5 to Figure 1.8. We used Boltzmann
distribution and tested for temperatures  = 1, 0.2 and 0.01.

Fig. 1.5

Fig 1.6
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Fig. 1.7

Fig. 1.8

The  = 0.01 method performs better and finds the optimal action earlier and is better than the  = 0.2 method on
both performance measures. It was observed that the performance degraded at very low and very high
temperatures.
5. Conclusion
Softmax action selection method performs better than the -greedy method as the average reward obtained and
percentage optimal action are higher compared to -greedy methods. -greedy method is easy compared to
softmax method as setting  value is easy. Selecting  value requires knowledge of the likely action values and
of powers of e and also depends on the specific task.
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