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Abstract— In this paper, a new subchannel allocation schemes for 
cellular OFDMA networks employing an adaptive frequency 
reuse factor (FRF) strategy is considered. The allocation 
algorithm is semi-distributed solution comprising two phases. In 
the first phase, the Radio Network Controller (RNC) adaptively 
determines the FRF of each subchannel in a centralized manner. 
In the second phase, each base station autonomously allocates 
subchannels to the users using a simple algorithm (i.e. MaxC/I). 
To solve the first phase, we introduce a hybrid associative 
reinforcement learning (ARL) model combining self organizing 
map (SOM) and Learning Automata (LA) to deal with large size 
and continuous nature of the problem space. The simulation 
results illustrate that the proposed model achieves a better 
throughput gain in comparison with other allocation algorithms. 
It is noteworthy that the proposed algorithm has a low 
computational cost and achieving this throughput gain is only 
due to proper assignment of FRF to subchannels.  

Resource Allocation, Frequency Reuse Factor, Associative 
Reinforcement Learning, Learning Automata  

I.  INTRODUCTION  
Orthogonal frequency division multiple access(OFDMA) 

system have been proposed to provide high data rate 
transmission in wireless communication  [1]. Since the total 
bandwidth given to an OFDMA system is limited, allocation 
schemes play a key role in effective use of radio channels. 
With respect to the fact that multi-cell OFDMA networks are 
more applicable for practical use, resource allocation in these 
networks is considered more intensely.  

Several algorithms have been proposed to deal with 
resource allocation problem. These algorithms can be divided 
into two centralized and distributed categories. The centralized 
algorithms assign the resources considering the state of all 
cells, while in the distributed ones, the allocation is performed 
autonomously in each cell without a need to consider the state 
of the other cells. The heuristic algorithms proposed in [2], [3], 
[4], [5],  and [6] allocate the available resources to minimize 
total transmission power at the base stations. The algorithms 
presented in [2], [3], and [6] are centralized, whereas the 
algorithm in [4] is a distributed one. A distributed algorithm 
presented in [7] utilizes a game theoretic approach. It first 
defines a utility function that can represent the system 
performance while taking into account the co-channel 
interference among cells. Then it models resource allocation 

problem as a non-cooperative game that leads to a solution 
which maximize total system throughput. In [8], a throughput 
maximization algorithm is proposed, in which users 
experiencing high co-channel interference (CCI) receive less 
resources. The distributed algorithm proposed in [9] attempts 
to minimize the maximum value of the QoS violation for users 
in different cells. The algorithm works effectively in the 
conditions upon which the network resources are barely 
enough for the user demands. In [10], a linear programming 
formulation with the constraints of QoS and limited bandwidth 
is made to achieve optimal system throughput in a centralized 
manner. Since finding optimal solution for linear programming 
has high computational complexity, a heuristic algorithm 
yielding a semi-optimal solution is proposed. 

This paper specifically addresses the problem of resource 
allocation in OFDMA cellular networks using a semi 
distributed approach. In the proposed method, assignment of 
subchannels to frequency reuse factor is performed in a 
centralized manner, while each cell allocates the subchannels to 
the users independently. We utilize hybrid model based on 
learning automata and self organizing map to determine FRF of 
each subchannel. The SOM quantizes the state space of the 
allocation problem via distributing some neurons in the state 
space. A learning automaton is associated with each neuron to 
adaptively select the best FRF for that state. 

The remainder of the paper is organized as follows. Section 
II describes the system model and formulates the allocation 
problem. Section III presents the proposed solution. In this 
section, LA, SOM, and the Associated Reinforcement Learning 
(ARL) based on SOM and LA are described, and proposed 
subchannel allocation algorithm based on ARL is described. 
Section IV verifies the performance of the proposed solution 
by simulations. Finally, conclusion remarks are given in 
section V. 

II. SYSTEM MODEL AND PROBLEM 
FORMULATION 

We consider a downlink multi-cell OFDMA network which 
utilizes adaptive modulation and coding (AMC). In this 
network, transmission units are subchannels, comprising a 
group of subcarriers. Each subchannel consists of some data 
subcarriers and one pilot subcarrier. In addition, different base 
stations use different code signatures when broadcasting pilot 



signals. Then each user can measure the received powers of the 
pilot signals coming from multiple base stations and calculate 
the signal to interference and noise ratio SINR. After that the 
user feeds back his channel condition (SINR) to the associated 
base station. We assume that subchannels have identical 
transmission power, while varying the transmission rate by 
using adaptive modulation. The parameter such as guard 
interval and frequency offset are assumed to be designed so 
that the inter-channel interference can be disregarded. Also, on 
the ground of the fact that the subcarriers in a subchannel are 
randomly selected over the total bandwidth, frequency 
diversity and interference average can be obtained.  

Our objective is to maximize the total system throughput. 
The goal is to find the subchannel allocation with a proper set 
of FRF and the optimal number of subchannels for each user. 
The formal optimization problem can be formulated as follows: 
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where ௙ܴ

௜௕ is the maximum achievable date rates for user i 
in cell b with FRF f; ௙ܰ

௜௕  is the number of subchannels the 
algorithm should assign to user i in cell b with FRF f; ܷ௕ is the 
set of users in cell b; B is the set of all cells; F is the set of all 
FRFs; K is the total number of subchannels; ሶܴ ௜௕ is the required 
data rate of user i in cell b; and ܣ௙ is the number of channels 
with FRF f used in each cell. 

Constraint 1 implies that the number of subchannels with 
each FRF should be same for all cells. Constraint 2 dictates that 
the total number of assigned subchannels to the users in a cell 
should be exactly as same as the number of total subchannels. 
Constraint 3 is the one upon which the required data rate of all 
users will be guaranteed. 

III. PROPOSED SOLUTION 

A. Learning Automata 
Learning automaton can be defined as an abstract model 

which randomly selects one action out of its finite set of actions 
and performs it on a random environment. Environment then 
evaluates the selected action and responses to the automaton 
with a reinforcement signal. Based on selected action, and 
received signal, the automaton updates its internal state and 
selects its next action.  

Environment can be defined by the triple ܧ ൌ ሼߙ, ,ߚ ܿሽ 
where ߙ ൌ  ሼߙଵ, ,ଶߙ … , ௥ሽߙ  represents a finite input set, 
ߚ ൌ ሼߚଵ, ,ଶߚ … , ௥ሽߚ  represents the output set, and ܿ ൌ
ሼܿଵ, ܿଶ, … , ܿ௥ሽ  is a set of penalty probabilities, where each 
element ܿ௜  of c corresponds to one input of action ߙ௜ . An 
environment in which ߚ can take only binary values 0 or 1 is 
referred to as P-model environment. A further generalization of 
the environment, known as Q-model, allows finite output set 
with more than two elements that take values in the interval [0, 
1]. A further step in this direction is the S-model whose 

responses can take continuous values over the unit interval [0, 
1]. 

Learning automata can be classified into fixed-structure 
LA, and variable-structure LA. Fixed-structure automata are 
characterized by state transition probabilities that are fixed. A 
variable-structure automaton is defined by the quadruple 
ሼߙ, ,ߚ ,݌ ܶሽ in which ߙ ൌ  ሼߙଵ, ,ଶߙ … ,  ௥ሽ represents the actionߙ
set of the automata, ߚ ൌ ሼߚଵ, ,ଶߚ … , ௥ሽߚ  represents the input 
set, ݌ ൌ ሼ݌ଵ, ,ଶ݌ … , ௥ሽ݌  represents the action probability set, 
and finally learning algorithm is defined as ݌ሺ݊ ൅ 1ሻ ൌ
ܶሾߙሺ݊ሻ, ,ሺ݊ሻߚ ሺ݊ሻሿ݌ . This automaton operates as follows. 
Based on the action probability set p, automaton randomly 
selects an action ߙ௜, and performs it on the environment. After 
receiving the environment's reinforcement signal, automaton 
updates its action probability set based on following 
reinforcement scheme, equations (2) for favorable response, 
and equations (3) for unfavorable one. It is noteworthy that this 
reinforcement scheme is for multi-action learning automata 
acting in the P-model environment. 

௜ሺ݊݌ ൅ 1ሻ ൌ ௜ሺ݊ሻ݌ ൅ ܽ൫1 െ  ௜ሺ݊ሻ൯݌
௝ሺ݊݌ ൅ 1ሻ ൌ ௝ሺ݊ሻ݌ െ ݆ ׊               ௝ሺ݊ሻ݌ܽ ് ݅ (2) 
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In these two equations, a and b are reward and penalty 
parameters respectively. For a=b, learning algorithm is called 
 ோఌ௉, and for b = 0, it is calledܮ ோି௉, for b << a, it is calledܮ
  .ோିூ [11]ܮ

B. Self Organizing Maps 
The self organizing map (SOM) usually consists of an array 

of units arranged in a grid. Associated with unit t is weight 
vector ݓሬሬԦ௧ ൌ ሾݓଵ

௧, ଶݓ
௧, … , ஽ݓ

௧ ሿ where D is the dimensionality of 
the input data. The aim is to find a suitable set of weights for 
each unit so that the network estimates the distribution of the 
input data.  

The learning rule responsible for finding a suitable set of 
weights is simple: given input vector ݔԦ ൌ ሾݔଵ, ,ଶݔ … ,  ஽ሿ, theݔ
distance between unit t of the SOM and the input vector is 
calculated by Euclidean metric. The unit with the smallest 
distance is the one that most closely represents the current 
input, and thus considered the winner for that input. The 
weights of the winning unit are now updated towards the input. 
In addition to the winning unit being updated towards the 
current input vector, the winning unit’s neighbors are also 
moved in this direction but by an amount that decays with the 
distance of those neighbors from the winning unit.  

The weights of the map are initialized to random values and 
then the above process is iterated for each input vector in the 
data set, effectively resulting in a competition between 
different regions of the input space for units of the map. Dense 
regions of the input space will tend to attract more units than 
sparse ones, with the distribution of units in the weight space 
ultimately reflecting the distribution of the input data in the 
input space. Neighborhood learning also encourages topology 



preservation with units close in the topology of the map ending 
up close in the weight space too. 

C. Automata Based ARL 
In this section, a hybrid model for associative 

reinforcement learning (ARL) obtained by combining self 
organizing map and learning automata is described [12]. The 
ARL agent’s interaction with its environment is similar to 
the Interaction of learning automata with its environment 
except that in addition to the environment response it also 
gets a context vector from the environment.  

The hybrid model is defined by ሼܵ, ,ߞ ܰ, ߶, ܶሽ in which S is 
the self organizing map used to represent state space; ߞ ൌ
ሼܮ௜| 1 ൑ ݅ ൑  ሽ is a team of M learning automata, where M isܯ
less than or equal to the number of SOM neurons; N is the 
topology of learning automaton team, which is assumed to be 
the same as the topology of SOM in this paper; ߶ is a function 
which specifies associations between each neuron of SOM and 
each learning automaton of LA team (ߞ); and finally T is the 
learning algorithm [12]. 

 Figure 1 depicts the model structure and its interaction 
with the environment. The hybrid model contains two layers. 
First layer incorporates a SOM which is used to quantize the 
state (context) space. The second layer comprised of a learning 
automata team which is used to select the optimal action. First 
layer is mapped to the second layer via ߶ function. In other 
words, each learning automaton is in correspondence with only 
one neuron of the SOM. The interaction of the model with the 
environment is as follows: environment provides the ARL 
agent with a context vector; the winner neuron which most 
closely represents this context vector is determined; learning 
automaton associated to the winner neuron is determined using
φ  function; the selected learning automaton chooses an action 
and performs it in the environment; the environment evaluates 
the action and provides the LA with a reinforcement signal; 
using this signal, LA and Its neighbors update their action 
selection strategies [12]. 

 
Figure 1.  The Proposed model 

 

D. Proposed Subchannel Allocation algorithm 
In this section, the proposed subchannel allocation is 

presented. The algorithm has following steps: 

1. MS report: Each mobile station calculates its SINR and 
reports it to the associated BS . 

2. BS report: Each BS calculates the achievable data rate 
and reports it to a RNC that communicates with BSs. 

3. FRF assignment: RNC assigns FRF to each subchannel 
using associative reinforcement learning.  

4. Subchannel allocation to MS: In a BS, a simple 
algorithm such as MaxC/I is used to allocates the 
subchannels to the users. 

The ܣ௙ is calculated with below function: 

଻ܣ ൌ  7/ܭߙ
ଷܣ ൌ ܭሺߚ  െ    ଻ሻ/3ܣ7
ଵܣ ൌ ܭ െ ଷܣ3 െ  ଻ܣ7

The different values for ߙ  and ߚ  result in different 
algorithms which is shown in table 1.  Algorithms with 
constant values of these parameters do not yield optimal 
selection of FRF in each state of the cells. It is obvious that for 
different state of the cells, different values for ߙ and ߚ should 
be used. 

In the proposed method, the values for ߙ  and ߚ  are 
calculated using an associative learning method with feedback 
signal from environment. It’s noteworthy that our algorithm 
has learning phase which will be used to train the algorithm. 
When the learning is finished, the learned parameters are used 
to select the number of FRF. The steps of the algorithm in the 
learning phase is as follow: 

1. Calculate ሺ ଵܰ
௕, ଷܰ

௕, ଻ܰ
௕ ሻ  for all b. Where ௙ܰ

௕  is the 
number of required subchannels of each SRF [10]. 

2. Maximum, minimum, and average of the ௙ܰ
௕  for all 

cells is calculated as input state to the ARL  

3. ARL first determines ߙ and ߚ, then calculates ܣ௙. 

4. After subchannel allocation is done, throughput is 
calculated and gives to the ARL as reward of the 
selected action. 

TABLE I.   ߙ AND ߚ  VALUES IN ALLOCATION ALGORITHMS 

Algorithm  ߚ , ߙ
FRF1 ߙ ൌ 0, ߚ ൌ 0 
FRF3 ߙ ൌ 0, ߚ ൌ 1 
FRF7 ߙ ൌ 1, ߚ ൌ 0 
FRF 1,3 ߙ ൌ 0, ߚ ൌ 0.75 
SSAS Using a simple heuristic[10] 
Proposed Model Using associative RL method 
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demonstrated that proposed model achieves a better throughput 
gain in comparison with SSAS and some fixed channel 
assignment algorithms. 
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