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ABSTRACT 

 

We consider a cognitive heterogeneous network (HetNet), in which 

multiple pairs of secondary users adopt sensing-based approaches to coexist with a pair of 

primary users on a certain spectrum band. Due to imperfect spectrum sensing, secondary 

transmitters (STs) may cause interference to the primary receiver (PR) and make it difficult 

for the PR to select a proper modulation and/or coding scheme (MCS). To deal with this 

issue, we exploit deep reinforcement learning (DRL) and propose an intelligent MCS 

selection algorithm for the primary transmission. To reduce the system overhead caused by 

the MCS switching’s, we further introduce a switching cost factor in the proposed algorithm.  

The simulation results show that the primary transmission rate of the 

proposed algorithm without the switching cost factor is 90% ~ 100%  of  the  optimal  MCS  

selection  scheme, which assumes that the interference from the STs is perfectly known at the 

PR as prior information, is 30% higher than that of the upper confidence bandit (UCB) 

algorithm, and is 100% higher than that of the signal-to-noise ratio (SNR)-based algorithm. 

Mean while, the proposed algorithm with the switching cost factor can achieve a higher 

primary transmission rate than those of the benchmark algorithms without increasing system 

overheads.. Here we added an extension to current model like considering a number of 

frames in Energy Efficiency (EE) system where the users have different subcarrier spacing 

(SCS). Unlike in single numerology EE systems, mixed frames EE systems suffer from inter-

numerology interference (INI). We first derive the interference pattern and find that the 

variance of interference energy increases due to the difference in SCS. This increase in 

variance negatively affects decoding performance, since the interference energy is 

unbalanced between subcarriers 

 

Keywords:-Cognitive HetNet, intelligent DRL, MCS selection, spectrum sharing, 

switching cost. 

 

INTRODUCTION 

FUELED by the exponential growth of smart phones and tablets, recent years have 

witnessed an explosive increase of data traffics in wireless networks [1]–[3]. It is envisioned 

that wireless data traffics will continue increasing in the next few years. To accommodate 

these traffics, it is urgent to improve the network capacity. Two typical approaches to 

improve the network capacity include enhancing the wire- less link efficiency and optimizing 
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the network architecture. Nevertheless, the wireless link efficiency is approaching the 

fundamental limit with the development of the multiple-input- multiple-output and 

orthogonal frequency division multiplexing technologies. As such, a heterogeneous 

network(HetNet) is emerging as a  promising network architecture to improve the network 

capacity [4]–[10]. 

Different from a conventional cellular network, the HetNet typically consists of a 

macro base station (BS), multiple small cell BSs, and numbers of users [6]. The macro BS is 

deployed to provide a wide coverage for users with low data- rate requirements and the 

small cell BSs are to extend the coverage of the macro BS as well as to support high data- 

rates for the users in a relatively small area. In the deployment of the HetNet, one major 

challenge is the coexistence among multiple wireless links of different users. On the one 

hand, if dedicated spectrum bands are assigned to different wireless links to avoid 

interference, large amount of spectrum resource is required to satisfy massive transmission 

demands in the network. On the other hand, if all the wireless links share the same spectrum 

band, different wireless links may cause severe interference to each other. To deal with this 

issue, the cognitive radio technology has been introduced to the HetNet, namely, cognitive 

HetNet[11]–[15].In particular, the cognitive HetNet consists of two types of users, i.e., 

primary users with high priorities to the spectrum bands and secondary users with low 

priorities to the spectrum bands. 

To protect primary transmissions, the secondary transmitter(ST) usually adopts a 

sensing-based approach to determine whether to access a target spectrum band or not. In 

particular, the ST first measures the energy of the signal on the target spectrum band. If the 

measured energy exceeds a certain threshold, the target spectrum band is declared to be 

occupied by primary users and the ST keeps silent. Otherwise, the target spectrum band is 

idle and the ST can access it directly. However, the complicated environment in a cognitive 

HetNet may lead to imperfect spectrum sensing. 

In fact, the imperfect spectrum sensing issue commonly exists in a cognitive network. 

To reduce the impact of imperfect spectrum sensing on the primary transmission 

performance, the authors of [16] suggested guaranteeing a high detection probability, e.g., 

90%, for a relatively low strength of the received primary signal at the ST, e.g., the signal-to- 

noise ratio (SNR)  of  the  received primary signal at  the  ST is as low as 15 dB. This 

method can is able to reduce effectively the impact of imperfect spectrum sensing on the 

primary transmission performance and thus is widely adopted in cognitive networks [17]. 

 

A. Motivations :  

It is clear that the effectiveness of the method in [16] diminishes for the scenario in which  

the  PT  is  transparent  to the ST,  i.e., the strength of the received primary signals at  the ST 

is extremely low (much lower than  15  dB), and  the channel from the ST to the PR is non-

ignorable. In this scenario, the ST may cause severe interference to the PR after imperfect 

spectrum sensing and degrade the primary transmission performance. This scenario is 

particularly relevant to the uplink transmission of a cognitive HetNet, in which a user(PT) 

transmits uplink data to the BS (PR) on a certain spectrum band, and multiple pairs of 

secondary users adopt a sensing- based approach to coexist with the primary users on the 

same spectrum band. Since the antenna height of the user terminal is relatively low while that 

of the macro BS is high, the wireless links between the PT and STs may be heavily blocked 



  

International Journal of Research 
(IJR) 

p-ISSN: 2348-6848 
e-ISSN: 2348-795X 

 Vol. 8 Issue 12 
December 2021 

 

Copyright © authors 2021 305 

by buildings while the line of sight propagations exist between the PR and the STs. To avoid 

severe interference from the STs to the primary transmission, existing literature suggested 

each ST adopt a conservative transmit power. However, the question still lies in whether the 

primary transmission performance and the network capacity can be further enhanced. 

We notice that the starting time of the secondary transmission is later than that of the 

primary transmission according to the sensing-based protocol. As such, the interference 

from STs is unknown at the PT at the starting time of the primary transmission, and the PT 

cannot adapt its transmission with the interference information. In fact, the interference 

from STs typically follows a certain pattern, and it is possible for the PT to learn the 

interference pattern by analyzing the historical interference information and in further 

interference in the future frames. In this paper, we adopt the deep reinforcement learning 

(DRL) for the PR to learn the interference pattern from STs and infer the interference in the 

future frames [18]. With the inferred interference, the PT can adapt its transmission to 

enhance the primary transmission rate as well as the network capacity. In the following, we 

first provide related work on the applications of both RL and DRL in wireless 

communications and then elaborate the contributions of the paper. 

 

B. Related Work : 

Recently, RL is widely applied in wireless communication networks, especially in 

decision-making scenarios [19]–[27]. Specifically, [19] proposed two RL-based user 

handoff algorithms in a Millimeter wave HetNet. [20] Developed an efficient RL-based 

radio access technology selection algorithm in a HetNet. [21] studied the energy-efficiency 

in a HetNet, and proposed a RL-based user scheduling and resource allocation 

algorithm.[22]and[23]investigated the spectrum sharing problem in cognitive radio 

networks and developed RL-based  spectrum  access  algorithms  for  cognitive users. 

[24] and [25] focused on the self-organization network and adopted RL to deal with the  

request  coordination problem and  the  user  scheduling  problem,  respectively.  In 

addition, 

[26] applied RL in the physical layer security and proposed  an RL-based spoofing 

detection scheme. [27] formulated the wireless caching as an optimal decision-making 

problem and developed an RL-based caching scheme to reduce the energy consumption. 

It is proved that RL works well in decision-making scenarios when the size of the 

state-action space in the wireless system is relatively small. However, the effectiveness of 

RL diminishes as the size of the state-action space becomes large.  Then, DRL emerges as a 

good alternative to solve the decision- making problem in wireless systems with a large size 

of state-action space [28]–[34]. In particular, [28] developed a DRL-based user scheduling 

algorithm to enhance the sum-rate in a wireless caching network. [29] proposed a DRL-

based channel selection algorithm to improve the transmission per- formance in a multi-

channel wireless network. [30] adopted DRL to learn the jamming pattern in a dynamic and 

intelligent jamming environment and proposed an efficient algorithm to obtain the optimal 

anti-jamming strategy. [31] adopted DRL to learn the  power  adaption strategy of  the  

primary user  in a cognitive network, such that the secondary user is able to adaptively 

control its power and satisfy the  required quality of services of both primary and secondary 

users. [32] studied the handover problem in a multi-user multi-BS wireless network and 

proposed a DRL-based handover algorithm to reduce the handover rate of each user under a 
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minimum sum- throughput constraint. In addition, [33] proposed a distributed DRL-based 

multiple access algorithm to improve the uplink sum-throughput in a multi-user wireless 

network. [34] applied DRL to the power allocation problem in an interference channel and 

proposed a DRL-based algorithm to enhance the sum-rate. 

C. Contributions of the Project 

 In this paper,  we  consider  a  cognitive HetNet,  in  which a user (PT) transmits uplink 

data to the  BS  (PR)  on  a  certain spectrum band and multiple STs adopt a sensing-based 

approach to access the same spectrum  band.  In particular, the PT is transparent to the STs, 

and the channel from each ST to the PR is non-ignorable. As a result, each ST may access 

the spectrum band with imperfect spectrum  sensing and cause interference to the PR. Since 

the interference is unknown at the PT due to time causality, it is difficult for the PR to select 

a proper MCS to improve the primary transmission performance with conventional 

optimization techniques (e.g., convex optimization). It is worth noting that MCS has a 

significant impact on the performance (e.g., throughput) of a wireless system, and the MCS 

selection problems in a variety of wireless systems have been studied based on conventional 

optimization techniques (e.g., [35] and [36]). Thus, it is important and practical to 

investigate the considered MCS selection problem which cannot be efficiently addressed 

with conventional optimization techniques. In this paper, we adopt the DRL technique and 

develop a DRL-based MCS selection algorithm for the considered MCS selection problem. 

The effectiveness and the advantages of the proposed algorithm are demonstrated through 

simulation results. Note that MCS refers to modulation and coding scheme in a coded 

system, and is reduced to modulation scheme in an un coded system. For consistency, we 

use MCS to represent modulation and coding scheme in a coded system, and represent 

modulation scheme in an un coded system. We summarize the major contributions of the 

paper as follows: 

We propose an intelligent DRL-based MCS selection algorithm for the PR. 

Specifically, we enable the DRL agent at the PR to learn the interference pattern from  

the STs. With the learnt interference pattern, the  PR can infer the interference from the 

STs in the future frames and adaptively select a proper MCS to enhance the primary 

transmission rate. 

Considering that the DRL agent may switch the MCS frequently among different 

MCS’s to maximize the transmission rate. On the one hand, since each MCS switching 

requires the negotiation between the PT and the BS and system reconfiguration, 

frequent MCS switching may increase significantly both signalling overheads and 

system reconfiguration costs [40]. On the other hand, since the information exchange 

of each MCS switching needs both spectrum resource and energy consumption, 

frequent MCS switching may degrade considerably both spectra land energy 

efficiencies. To deal with this issue, we take the system overhead caused by MCS 

switchings in to consideration and introduce a switching cost factor in the proposed 

algorithm. By adjusting the value of the switching cost factor, we can achieve the 

desired balance between the primary transmission rate and system overheads. 

Simulation results show that the transmission rate of proposed algorithm without the 

switching cost factor is 90% ~ 100% to that of the optimal MCS selection scheme, is 

30% higher than that of the upper confidence bandit (UCB) algorithm, and is 100% 

higher than that of the signal-to-noise ratio (SNR) based algorithm. Meanwhile, the 

proposed algorithm with the switching cost factor can achieve a higher primary 

transmission rate than those of the benchmark algorithms without increasing system  
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overheads. 

EXISTING SYSTEM  : 

 

We consider a cognitive heterogeneous network (HetNet), in which multiple pairs of 

secondary users adopt sensing-based approaches to coexist with a pair of primary users 

on a certain spectrum band. Due to imperfect spectrum sensing, secondary transmitters 

(STs) may cause interference to the primary receiver (PR) and make it difficult for the 

PR to select a proper modulation and/or coding scheme (MCS). To deal with this issue, 

we exploit deep reinforcement learning (DRL) and propose an intelligent MCS 

selection algorithm for the primary transmission. To reduce the system overhead caused 

by the MCS switchings, we further introduce a switching cost factor in the proposed 

algorithm. The simulation results show that the primary transmission rate of the 

proposed algorithm without the switching cost factor is 90% ∼ 100% of the optimal 

MCS selection scheme, which assumes that the interference from the STs is perfectly 

known at the PR as prior information, is 30% higher than that of the upper confidence 

bandit (UCB) algorithm, and is 100% higher than that of the signal-to-noise ratio 

(SNR)-based algorithm. Meanwhile, the proposed algorithm with the switching cost 

factor can achieve a higher primary transmission rate than those of the benchmark 

algorithms without increasing system overheads. Index  Terms—Cognitive HetNet, 

intelligent DRL, MCS selection, spectrum sharing, switching cost. 

 

PROPOSED SYSTEM :  

 

We consider a number of frames in Energy Efficiency (EE) system where the users 

have different subcarrier spacing (SCS). Unlike in single numerology EE systems, 

mixed frames EE systems suffer from inter-numerology interference (INI). We first 

derive the interference pattern and find that the variance of interference energy 

increases due to the difference in SCS. This increase in variance negatively affects 

decoding performance, since the interference energy is unbalanced between subcarriers. 

 

SYSTEM MODEL 

 
 

Figure 1: Considered cognitive HetNet, which consists of a PU, a macro BS, and K pairs 

of secondary users. 
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LITERATURE SURVEY 

Applications of Deep Reinforcement Learning in Communications and Networking: 

A Survey. This paper presents a comprehensive literature review on applications of deep 

reinforcement learning in communications and networking. Modern networks, e.g., Internet 

of Things  and Unmanned Aerial Vehicle (UAV) networks, become more decentralized and 

autonomous. In such networks, network entities need to make decisions locally to maximize 

the network performance under uncertainty of network environment. Reinforcement learning 

has been efficiently used to enable the network entities to obtain the optimal policy including, 

e.g., decisions or actions, given their states when the state and action spaces are small. 

However, in complex and large-scale networks, the state and action spaces are usually large, 

and the reinforcement learning may not be able to find the optimal policy in reasonable time. 

Therefore, deep reinforcement learning, a combination of reinforcement learning with deep 

learning, has been developed to overcome the shortcomings. In this survey, we first give a 

tutorial of deep reinforcement learning from fundamental concepts to advanced models. 

Then, we review deep reinforcement learning approaches proposed to address emerging 

issues in communications and networking. The issues include dynamic network access, data 

rate control, wireless caching, data offloading, network security, and connectivity 

preservation which are all important to next generation networks such as 5G and beyond. 

Furthermore, we present applications of deep reinforcement learning for traffic routing, 

resource sharing, and data collection. Finally, we highlight important challenges, open issues, 

and future research directions of applying deep reinforcement learning 

Spectrum Access In Cognitive Radio Using a Two-Stage Reinforcement Learning Approach 

With the advent of the 5th generation of wireless standards and an increasing demand 

for higher throughput, methods to improve the spectral efficiency of wireless systems have 

become very important. In the context of cognitive radio, a substantial increase in throughput 

is possible if the secondary user can make smart decisions regarding which channel to sense 

and when or how often to sense. Here, we propose an algorithm to not only select a channel 

for data transmission but also to predict how long the channel will remain unoccupied so that 

the time spent on channel sensing can be minimized. Our algorithm learns in two stages - a 

reinforcement learning approach for channel selection and a Bayesian approach to determine 

the optimal duration for which sensing can be skipped. Comparisons with other learning 

methods are provided through extensive simulations. We show that the number of sensing is 

minimized with negligible increase in primary interference; this implies that lesser energy is 

spent by the secondary user in sensing and also higher throughput is achieved by saving on 

sensing. 

Spectrum Sharing for Internet of Things: A Survey 

The Internet of Things is a promising paradigm to accommodate massive device connections 

in 5G and beyond. To pave the way for future IoT, the spectrum should be planed in advance. 

Spectrum sharing is a preferable solution for IoT due to the scarcity of available spectrum 

resource. In particular, mobile operators are inclined to exploit the existing standards and 

infrastructures of current cellular networks and deploy IoT within licensed cellular spectrum. 

Yet, proprietary companies prefer to deploy IoT within unlicensed spectrum to avoid any 
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licence  fee. In this paper, we provide a survey on prevalent IoT technologies deployed within 

licensed cellular spectrum and unlicensed spectrum. Notably, emphasis will be on the 

spectrum sharing solutions including the shared spectrum, interference model, and 

interference management. To this end, we discuss both advantages and disadvantages of 

different IoT technologies. Finally, we identify challenges for future IoT and suggest 

potential research directions. 

SIMULATION RESULTS  

In this section, we provide simulation results to evaluate the performance of the 

proposed intelligent DRL-based MCS selection algorithm. For comparison, we consider the 

optimal MCS selection algorithm, which assumes that the BS knows the average SINR ¯γ at 

the beginning of each frame and solves (7) to obtain the optimal solution. As 

aforementioned, it is impractical for the BS to know the average SINR ¯γ at the beginning 

of each frame due to time causality. Thus, the performance of the optimal MCS selection 

algorithm is the theoretical upper bound. Meanwhile, we provide two benchmark 

algorithms, namely, SNR-based algorithm and upper confidence bandit (UCB) learning 

algorithm [26] [35]. In particular, SNR-based algorithm replaces the average SINR ¯γ in (7) 

with the measured SNR γ0 and solves (7) to obtain a solution. The selected MCS with the  

UCB learning algorithm at the beginning of frame t is as follows: 

 m∗=argmaxm∈{1,2,⋯,M}(μm+√ 2lntΓm(t−1) ),  (22) 

where Γm(t−1) is the number of times that MCSm has been selected in the 

previous t−1 frames, μm is randomly initialized and updated by 

Table I: Considered MCSs and the corresponding SERs. 

 
 

V-AASSUMPTIONS AND SETTINGS IN THE SIMULATION 

 

It is clear that secondary transmissions do not have any impact on the primary transmission 

when the primary transmission is inactive (i.e., the PU does not transmit data to the BS). 

When the primary transmission is active (i.e., the PU is transmitting data to the BS), the 

secondary transmissions may interfere with the PU transmission due to imperfect spectrum 

sensing. To investigate the effectiveness of the proposed algorithm in the presence of 

imperfect spectrum sensing, we assume that the primary transmission is always active. Then, 

the miss-detection/interference probability of ST-k is also the active probability of ST-k. 

https://deepai.org/publication/deep-reinforcement-learning-based-modulation-and-coding-scheme-selection-in-cognitive-heterogeneous-networks#S3.E7
https://deepai.org/publication/deep-reinforcement-learning-based-modulation-and-coding-scheme-selection-in-cognitive-heterogeneous-networks#bib.bib26
https://deepai.org/publication/deep-reinforcement-learning-based-modulation-and-coding-scheme-selection-in-cognitive-heterogeneous-networks#bib.bib35
https://deepai.org/publication/deep-reinforcement-learning-based-modulation-and-coding-scheme-selection-in-cognitive-heterogeneous-networks#S3.E7
https://deepai.org/publication/deep-reinforcement-learning-based-modulation-and-coding-scheme-selection-in-cognitive-heterogeneous-networks#S3.E7
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In the simulation, we consider an uncoded system and assume that the PU supports four 

MCS levels as shown in Table I, although the proposed algorithm can be easily applied to 

coded systems. The DQN is composed of an input layer with 4Φ+1 ports, which correspond 

to 4Φ+1 elements in s(t) 

, two fully connected hidden layers, and an output layer with four ports, which correspond to 

four MCS levels in Table I. In particular, each hidden layer has 100 neurons with 

the Relu activation function. We apply an adaptive 

ϵ-greedy algorithm, in which ϵ follows ϵ(t+1)=max{ϵmin,(1−λϵ)ϵ(t)} [28]. An intuitive 

explanation of adopting a varying ϵ is as follows. At the beginning frames of the proposed 

algorithm, the number of the experienced state-action pairs is small and the DRL agent needs 

to explore more actions to improve the long-term reward. As the number of the experienced 

state-action pairs increases, the DRL agent does not need to perform so many explorations. 

We set ϵ(0)=0.3, ϵmin=0.005, and λϵ=0.0001. Besides, the batch size of experience samples 

in the proposed algorithm is Z=32, and the local memory at the DRL agent is NE=500. 

Furthermore, we set γ=0.5 

, and the RMSProp optimization algorithm with a learning rate 

0.01 is used to update θ [37]. In addition, we set τ−τpT−τp=0.1 and T−τT−τp=0.9 in 

(4), L=100, and each frame contains N=1000 symbols. 

V - PERFORMANCE COMPARISON IN QUASI-STATIC AND DYNAMIC 

INTERFERENCE SCENARIOS 

 

 
 

Fig. 4 .Transmission  rate comparison in a quasi-static interference scenario. Each 

value is a moving average of the previous 200 frames and each curve  is the average 

of20 trials. 

 

Fig. 4 compares the transmission rates of different algorithms in a quasi-static interference 

scenario. We consider two pairs of secondary users, i.e., namely, (ST-1, SR-1) and (ST-2, 

SR-2), although the proposed algorithm can handle more than two pairs of secondary users. 

The wireless links from the PU to both STs are completely blocked and STs cannot detect 

PU’s signal at all. As such, we set the miss-detection probability of each ST to be 1. 

Meanwhile, we assume that the correlation coefficient of the Rayleigh fading in two 

successive frames is 0.99. In this scenario, the interference from each ST to the BS changes 

slowly. In the simulation, we set that the received average SNR pp¯gpσ2 of the PU signal at 

the BS to 20 dB and each received average interference-to-noise ratio pk¯gkσ2 (k∈{1,2}) at 

https://deepai.org/machine-learning-glossary-and-terms/neuron
https://deepai.org/machine-learning-glossary-and-terms/relu
https://deepai.org/machine-learning-glossary-and-terms/activation-function
https://deepai.org/publication/deep-reinforcement-learning-for-distributed-dynamic-power-allocation-in-wireless-networks
https://deepai.org/machine-learning-glossary-and-terms/rmsprop
https://deepai.org/machine-learning-glossary-and-terms/neural-network
https://deepai.org/publication/deep-reinforcement-learning-based-modulation-and-coding-scheme-selection-in-cognitive-heterogeneous-networks#S2.E4
https://deepai.org/publication/deep-reinforcement-learning-based-modulation-and-coding-scheme-selection-in-cognitive-heterogeneous-networks#S5.F4
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the BS to 5 dB. From the figure, the optimal transmission rate fluctuates 

around 3 kbits/frame, the transmission rate of the UCB learning algorithm increases from 

around 1.8 kbits/frame to around 2.1 kbits/frame, and the transmission rate of the SNR-based 

algorithm varies between 1 kbits/frame and 1.4 kbits/frame. Meanwhile, the proposed DRL-

based MCS selection algorithm gradually achieves the optimal transmission rate of the 

optimal MCS selection algorithm, and is around 50% higher than that of the UCB learning 

algorithm, and is 100% higher than that of the SNR-based algorithm. This figure indicates 

that the proposed DRL-based algorithm is able to learn almost the perfect information of the 

quasi-static interference. 

 

 
Fig.5. Transmission rate comparison in a dynamic interference scenario. Each value is 

a moving average of the previous 200 frames and each curve  is the average of 20 

trials. 

 

Fig. 5 illustrates the transmission rates of different algorithms in a dynamic-interference 

scenario. We consider three secondary users, i.e., namely, (ST-1, SR-1), (ST-2, SR-2), and 

(ST-3, SR-3). The wireless links from the PU to ST-1 and ST-2 are completely blocked and 

ST-1/ST-2 cannot detect PU’s signal at all, and the wireless link from the PU to ST-3 is not 

completely blocked but is extremely weak. As such, we set the miss-detection probabilities of 

the three STs to be 1, 1, and 0.5, respectively. Meanwhile, we set the correlation coefficient 

of the Rayleigh fading in two successive frames to be 0. In this scenario, the interference 

from each ST to the BS changes rapidly. In the simulation, we set that the received average 

SNR pp¯gpσ2 of the PU signal at the BS is 20 dB and each received average interference-to-

noise ratio pk¯gkσ2 (k∈{1,2,3}) at the BS is 5 dB. From the figure, the optimal transmission 

rate is around 2.9 kbits/frame, the transmission rate of the UCB learning algorithm converges 

to around 2 kbits/frame, and the transmission rate of the SNR-based algorithm is 

around 1.3 kbits/frame. Meanwhile, the transmission rate of the proposed DRL-based MCS 

selection algorithm converges to around 2.6 kbits/frame, and is around 90% of the optimal 

transmission rate, and is around 30% higher than the transmission rate of the UCB learning 

algorithm, and is 100% higher than that of the SNR-based algorithm. This figure verifies the 

effectiveness of the proposed DRL-based algorithm when the interference from STs to the BS 

is highly dynamic. 

https://deepai.org/publication/deep-reinforcement-learning-based-modulation-and-coding-scheme-selection-in-cognitive-heterogeneous-networks#S5.F5


  

International Journal of Research 
(IJR) 

p-ISSN: 2348-6848 
e-ISSN: 2348-795X 

 Vol. 8 Issue 12 
December 2021 

 

Copyright © authors 2021 312 

V-CPERFORMANCE OF THE PROPOSED ALGORITHM WITH DIFFERENT Φ 

 
 

Figure 6: Transmission rate of the proposed algorithm with different Φ in a quasi-static 

interference scenario. Each value is a moving average of the previous 200 frames and 

each curve is the average of 20 trials. 

 

Fig. 6 illustrates the transmission rate of the proposed algorithm with different Φ in a quasi-

static interference scenario. In the simulation, the receive SNR of the PU signal at the BS, the 

number of secondary users, the miss-detection probability of each ST, and each receive 

interference-to-noise ratio at the BS are the same as those in Fig. 4. Besides, we 

set Φ=1, Φ=5, and Φ=10. From the figure, the transmission rate of the proposed algorithm 

remains almost the same when Φ increases from 1 to 10. The reason is as follows. The 

interference pattern from STs to the BS is dominated by the variation pattern of the 

corresponding channel gains. Since each interference channel gain changes slowly in a quasi-

static interference scenario, the historical data in multiple previous frames provides almost 

the same interference pattern information as the historical data in the last frame for the DRL 

agent to infer the interference in the future. This figure indicates that it is unnecessary to put 

the historical data in multiple previous frames in each state when the interference from STs to 

the BS is quasi-static. 

 
 

Figure 7: Transmission rate of the proposed algorithm with different Φ in a dynamic 

interference scenario. Each value is a moving average of the previous 200 frames and each 

curve is the average of 20 trials. 

Fig. 7 investigates the transmission rate of the proposed algorithm with different Φ in a 

dynamic interference scenario. In the simulation, the receive SNR of the PU signal at the BS, 

https://deepai.org/publication/deep-reinforcement-learning-based-modulation-and-coding-scheme-selection-in-cognitive-heterogeneous-networks#S5.F6
https://deepai.org/publication/deep-reinforcement-learning-based-modulation-and-coding-scheme-selection-in-cognitive-heterogeneous-networks#S5.F4
https://deepai.org/publication/deep-reinforcement-learning-based-modulation-and-coding-scheme-selection-in-cognitive-heterogeneous-networks#S5.F7
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the number of secondary users, the miss-detection probability of each ST, and each receive 

interference-to-noise ration at the BS are the same as those in Fig. 5. Besides, we 

set Φ=1, Φ=5, and Φ=10. From the figure, the transmission rate of the proposed algorithm 

decreases as Φ increases from 1 to 10. The reason is as follows: As aforementioned, the 

interference pattern from STs to the BS is dominated by the variations of the corresponding 

channel gains. Since the channel model in the considered system is a first-order Markov 

process, each interference channel gain is only related to the interference channel gain in the 

previous frame. Note that each interference channel gain varies rapidly in a dynamic 

interference scenario. Then, the historical data in multiple previous frames cannot provide 

more interference pattern information than the historical data in the last frame for the DRL 

agent to infer the interference in the future, but in turn causes confusions to the DRL agent. 

As such, the DRL agent needs more frames to extract useful information about the 

interference pattern and infer the interference in the future. This figure indicates that it is 

harmful to put the historical data in multiple previous frames at each state when the 

interference from STs to the BS is highly dynamic. 

V-DBALANCE BETWEEN TRANSMISSION RATE AND SYSTEM OVERHEADS 

 
Figure 8: Converged transmission rates and switching rates of different algorithms in a quasi-

static interference scenario. 

 

Fig. 8 provides the converged transmission rates and the switching rates with different 

switching costs in a quasi-static interference scenario. In the simulation, the receive SNR of 

the PU signal at the BS, the number of secondary users, the miss-detection probability of 

each ST, and each receive interference-to-noise ration at the BS are the same as those in 

Fig. 4. For a given switching cost, each algorithm runs 20,000 frames similar to Fig. 4. The 

converged transmission rate is obtained by averaging the latest 5000 moving average 

transmission rates and the switching rate is Nswitching5000, where Nswitching is the number 

of switchings in the latest 5000 frames. In this figure, the converged transmission rates and 

the switching rates of the optimal algorithm and the SNR-based algorithm remain constant as 

the switching cost c grows. This is reasonable since the switching cost has no impact on both 

algorithms. Besides, The converged transmission rate of the UCB algorithm decreases from 

around 2.15 kbits/frame to around 1.4 kbits/frames as the switching cost increases 

from c=0 to c=6, and the corresponding switching rate remains around 0.03. The converged 
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transmission rate of the DRL algorithm decreases from around 3 kbits/frame to 

around 2.4 kbits/frames as the switching cost increases from c=0 to c=6, and the 

corresponding switching rate decreases from around 0.26 to around 0.03. 

 

Fig. 8 indicates that, by adjusting the switching cost c, the DRL-based algorithm can 

achieve a higher converged transmission rate and a lower switching rate simultaneously than 

the SNR-based algorithm. For instance, when the switching cost is between 0.5 and 6, the 

converged transmission rate of the DRL-based algorithm is always higher than that of the 

SNR-based algorithm. Meanwhile the switching rate of the DRL-based algorithm is always 

lower than that of the SNR-based algorithm. Besides, by adjusting the switching cost c, the 

DRL-based algorithm can achieve a larger converged transmission rate than that of the UCB 

algorithm with a comparable switching rate. For instance, when the switching cost is 

between 4 and 6, the converged transmission rate of the DRL-based algorithm is always 

higher than that of the UCB algorithm, and the switching rates of both algorithms are almost 

identical. Therefore, when the interference from STs to the BS is quasi-static, the DRL-based 

algorithm can achieve a better balance between the primary transmission rate and system 

overheads than those of the optimal algorithm, the UCB algorithm, and the SNR-based 

algorithm. 

 
Figure 9: Converged transmission rates and switching rates of different algorithms in a 

dynamic interference scenario. 

 

Fig. 9 provides the converged transmission rates and the switching rates with different 

switching costs in a dynamic interference scenario. In the simulation, the receive SNR of the 

PU signal at the BS, the number of secondary users, the miss-detection probability of each 

ST, and each receive interference-to-noise ratio at the BS are the same as those in Fig. 5. The 

converged transmission rate and switching rate are calculated with the same method as that in 

Fig. 8. In general, the trend of each curve in Fig. 9 is similar to that in Fig. 8. Specifically, by 

adjusting the switching cost c, the DRL-based algorithm can achieve a higher converged 

transmission rate and a lower switching rate simultaneously than those of the SNR-based 

algorithm. For instance, when the switching cost is between 0.5 and 6, the converged 

transmission rate of the DRL-based algorithm is always higher than that of the SNR-based 

algorithm, and the switching rate of the DRL-based algorithm is always lower than that of the 
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∼ 

SNR-based algorithm. Besides, the converged transmission rate of the UCB algorithm ranges 

from  1.25 kbit/frame to 2 kbits /frame with a constant switching rate around 0.03. The 

performance of the UCB algorithm can be achieved by the DRL-based algorithm through 

adjusting the switching cost c between c=3.5 and c=6. Additionally, the DRL-based 

algorithm can also achieve a converged transmission rate higher than 2 kbits/frame with a 

switching rate higher than 0.03 when the switching cost c is between c=0 and c=3.5. In other 

words, when the interference from STs to the BS is highly dynamic, the DRL-based 

algorithm can achieve a converged transmission rate similar to the UCB algorithm for a tight 

switching rate constraint scenario, and achieve a higher converged transmission rate than the 

UCB algorithm for a loose switching rate constraint scenario. To summarize, when the 

interference from STs to the BS is dynamic, the DRL-based algorithm can achieve a better 

balance between the primary transmission rate and system overheads. 

  

CONCLUSIONS 

In this paper, we studied a cognitive HetNet and proposed an intelligent DRL-based 

MCS selection algorithm for  the PR to learn the interference pattern from STs.  With  the  

learnt interference pattern, the DRL agent at the  PR  can  infer the interference in the 

future frames and select a proper MCS to  enhance  the  primary  transmission  rate.  

Besides, we took the system overhead caused by  MCS  switching  into consideration and 

introduced a switching cost factor in the proposed algorithm to balance the primary 

transmission rate and system overheads. Simulation results showed  that, the transmission 

rate of the proposed algorithm without the switching cost is 90% 100% to that of the 

optimal MCS selection scheme, is 30% higher than the  UCB  algorithm, and is 100% 

higher than that of the SNR-based algorithm. Meanwhile, the proposed algorithm with the 

switching cost factor can achieve a higher transmission rate than those of the benchmark 

algorithms without increasing system overheads. 
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