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I. INTRODUCTION  
Controlling a nonlinear dynamic system is complex because there are stochastic effects, initial condition may 

differ from its expected value, system model may be imperfect, and there may be external disturbances to the 

dynamic process [1]. In addition there may be measurement errors and full state measurement may not be 

possible. Real time exact optimal control of an actual control system is not possible, only approximate or 

suboptimal solutions are possible. 

Reinforcement learning is a machine learning algorithm applied widely, it can deal with incomplete information 

in dynamic environment and can search the optimal strategies for agents. Markov Decision Process (MDP) is 

promising mathematical framework for modeling dynamic environments in which outcome is not only 

dependant on decision strategies but sometimes it can be random. MDP are useful for studying optimization and 

control problems solved via reinforcement learning [2].  

Transition probability function and reward function of it can used to analyze the environment based on received 

feedback of any selected action. Challenges of dynamic decision making in partially observable and stochastic 

environment are discussed in this paper. Section II discusses dynamic decision making in detail. Reinforcement 

learning and Markov decision process are discussed in section III and IV respectively.  In section V, application 

of are discussed followed by conclusion in section VI. 

 

II. DYNAMIC DECISION MAKING 

In nonlinear dynamic systems, it becomes more difficult to choose optimal strategies for decision maker because 

of incomplete information and bounded rationality. Dynamic Decision Control is the subject about the decision 

problems of multiple agents with incomplete information [3]. 

Decision making can be considered as the cognitive process which results in the selection of a course of action 

among several alternative scenarios. Choice of action in dynamic decision system is not only dependent on input 

provided but also by current state of the environment in which we are applying it. As action selection of 

decision maker (also called as agent) is dependent on uncertain environment, transition probabilities of 

environmental state are important factor in dynamic decision theory.      

 

III. REINFORCEMENT LEARNING 

Reinforcement learning (RL) is a machine learning algorithm applied widely; it can deal with incomplete 

information in dynamic environment and can search the optimal strategies for agents. RL has the potential to 

address approximate optimal control of high dimensional decision and control problems [4]. 

A reinforcement learning (RL) agent learns by trial-and-error interaction with its dynamic environment. At each 

time step, the agent perceives the state of the environment and takes an action, which causes the environment to 

transit into a new state. The agent receives a scalar reward signal that evaluates the quality of this transition. 

Abstract :- Dynamic decision making in partially observable and stochastic environment is still one of the 

challenging problem. Reinforcement learning is generic method for analyzing environment for taking actions on 

trial and error basis. In this paper, we are using the most widely accepted mathematical model of reinforcement 

learning i.e. Markov Decision Process (MDP) for dynamic decision making. Using state, action, transition 

probability and reward function, it can model the decision policies. We are using partially observable MDP 

having belief states to resolve the state from current observation. 
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This feedback is less informative than in supervised learning, where the agent would be given the correct actions 

to take (such information is, unfortunately, not always available). The RL feedback is, however, more 

informative than in unsupervised learning, where the agent would be left to discover the correct actions on its 

own, without any explicit feedback on its performance. 

 

Fig1. Reinforcement Learning Framework 

In the standard reinforcement-learning model, an agent is connected to its environment via perception (state) 

and action (strategy), as depicted in Figure 1. On each step of interaction the agent receives as input, i, some 

indication of the current state, s, of the environment; the agent then chooses an action, a, to generate as output. 

The action changes the state of the environment, and the value of this state transition is communicated to the 

agent through a scalar reinforcement signal, r. The agent's behavior should choose actions that tend to increase 

the long-run sum of values of the reinforcement signal. It can learn to do this over time by systematic trial and 

error, guided by a wide variety of available RL algorithms [5]. 

 

IV. MARKOV DECISION PROCESS 

Markov decision processes (MDPs), 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 solved via dynamic programming and reinforcement 

learning [6].  

Markov Decision Process is a discrete time stochastic control process. At each time step, the process is in some 

state s, and the decision maker may choose any action a, that is available in state s. The process responds at the 

next time step by randomly moving into a new state s', and giving the decision maker a corresponding reward 

Ra(s,s'). 

The probability that the process moves into its new state s' is influenced by the chosen action. Specifically, it is 

given by the state transition function Pa(s,s'). Thus, the next state s' depends on the current state s and the 

decision maker's action a.  The state transitions of an MDP possess the Markov property, as given s and a, it is 

conditionally independent of all previous states and actions.A finite Markov decision process is a tuple <S, A, f, 

ρ> where Sis the finite set of environment states, A is the finite set of agent actions, f : S × A × S→ [0, 1] is the 

state transition probability function, and ρ : S × A × S → R is the reward function. 

akis executed in sk is f(sk, ak, sk+1). The agent receives a scalar reward rk+1∈ R, according to the reward function 

ρ: rk+1 = ρ(sk, ak, sK+1). This reward evaluates the immediate effect of action ak i.e., the transition from skto sK+1. 

It says, however, nothing directly about the long-term effects of this action.  

The behavior of the agent is described by its policy h, which specifies how the agent chooses its actions given 

the state. The policy may be either stochastic or deterministic policy is called stationary if it does not change 

over time. The agent’s learning goal is to maximize, at each time-step k, the expected discounted return. 

 
rk+1 =ρ(sk, ak, sK+1) i.e. immediate reward. 0<γ<1 is discount factor (look ahead horizon). 
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VI.     PARTIALLY OBSERVABLE MARKOV DECISION PROCESS (POMDP) 

 

A partially observable Markov decision process (POMDP) is a generalization of a Markov decision process. A 

POMDP models an agent decision process in which it is assumed that the system dynamics are determined by 

an MDP, but the agent cannot directly observe the underlying state [7]. Instead, it must maintain a probability 

distribution over the set of possible states, based on a set of observations and observation probabilities, and the 

underlying MDP. 

The POMDP framework is general enough to model a variety of real-world sequential decision processes. 

Applications include robot navigation problems, machine maintenance, and planning under uncertainty in 

general. 

Partially Observable MDPsN(POMDPs) provide more flexible framework with which to model decision-

making under uncertainty by relaxing the assumption that an agent has complete knowledge of the world and 

can only make noisy observations about its current state. This generality can model many single-agent, real-

world problems, since perfect information about the world is rarely available to an agent. POMDP is more 

suitable mathematical model for planning and decision making under uncertainty. 

 

VI. SPECTRUM MANAGEMENT IN COGNOTIVE RADIO NETWORK (CRN) 

As stated above it can be applied to many real world problems needing dynamic decision making without 

perfect knowledge of the environment. Spectrum Management in CRN is categorized as problem with dynamic 

decision making in partially observable and stochastic environment. 

Cognitive Radio Networks (CRN) is emerging as revolutionary communication paradigm, which can utilize the 

existing spectrum resource more efficiently by opportunistically sensing its vacant spaces. CRNs are equipped 

with Cognitive Radio [8] which are aware of the dynamic environment and adaptively adjusts their operating 

parameters based on the interaction with the environment and other users of the network [9]. 

Dynamic spectrum access techniques are offering tremendous performance and operational benefit by providing 

high bandwidth to mobile users. Allocation of the scarce spectrum resource among cognitive nodes in stochastic 

environment increases the complexity due to uncertainty of the environment state. 

Spectrum allocation decision for cognitive users is taken according to current spectrum usage scenario without 

interfering existent or licensed users. Spectrum selection decision resulting in successful communication gives 

reward to the cognitive users and unsuccessful transmission or interference to licensed users causes penalty to 

the cognitive users or agents. 

VII. CONCLUSION 

This paper focuses on mathematical models used in reinforcement learning.  MDPs are useful for studying a 

wide range of optimization problems solved via dynamic programming and reinforcement learning.  Partially 

Observable MDP provide more flexible framework for planning and decision making under uncertainty. This 

paper gives brief introduction about one of the application of POMDP i.e. Spectrum management in cognitive 

radio network. 
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