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Deep Recurrent Q Networks for Dynamic Spectrum Access in Dy-

namic Heterogeneous Environments with Partial Observations

Yue Xu

(ABSTRACT)

Dynamic Spectrum Access (DSA) has strong potential to address the need for improved
spectrum efficiency. Unfortunately, traditional DSA approaches such as simple ”sense-and-
avoid” fail to provide sufficient performance in many scenarios. Thus, the combination of
sensing with deep reinforcement learning (DRL) has been shown to be a promising alternative
to previously proposed simplistic approaches. DRL does not require the explicit estimation
of transition probability matrices and prohibitively large matrix computations as compared
to traditional reinforcement learning methods. Further, since many learning approaches
cannot solve the resulting online Partially-Observable Markov Decision Process (POMDP),
Deep Recurrent Q-Networks (DRQN) have been proposed to determine the optimal channel
access policy via online learning. The fundamental goal of this dissertation is to develop
DRL-based solutions to address this POMDP-DSA problem. We mainly consider three as-
pects in this work: (1) optimal transmission strategies, (2) combined intelligent sensing and
transmission strategies, and (c) learning efficiency or online convergence speed. Four key
challenges in this problem are (1) the proposed DRQN-based node does not know the other
nodes’ behavior patterns a priori and must to predict the future channel state based on
previous observations; (2) the impact to primary user throughput during learning and even
after learning must be limited; (3) resources can be wasted during sensing/observation and
want to limit this waste; and (4) convergence speed must be improved without impacting

performance. We demonstrate in this dissertation, that the proposed DRQN-based agent



can learn: (1) the optimal transmission strategy in a variety of environments with partial
observations; (2) a sensing strategy that provides near-optimal throughput in different en-
vironments while dramatically reducing the needed sensing resources; (3) a strategy that is
robust to imperfect observations; (4) a sufficiently flexible approach that can accommodate
dynamic environments, multi-channel transmission and the presence of multiple agents; (5)

in an accelerated fashion utilizing one of three different approaches.



Deep Recurrent Q Networks for Dynamic Spectrum Access in Dy-

namic Heterogeneous Environments with Partial Observations

Yue Xu

(GENERAL AUDIENCE ABSTRACT)

With the development of wireless communication, such as 5G, global mobile data traffic
has experienced tremendous growth, which makes spectrum resources even more critical for
future networks. However, the spectrum is an exorbitant and scarce resource. Dynamic
Spectrum Access (DSA) has strong potential to address the need for improved spectrum
efficiency. Unfortunately, traditional DSA approaches such as simple ”sense-and-avoid” fail
to provide sufficient performance in many scenarios. Thus, the combination of sensing with
deep reinforcement learning (DRL) has been shown to be a promising alternative to pre-
viously proposed simplistic approaches. Compared with traditional reinforcement learning
methods, DRL does not require explicit estimation of transition probability matrices and
extensive matrix computations. Furthermore, since many learning methods cannot solve the
resulting online Partially Observable Markov Decision Process (POMDP), a deep recurrent
Q-network (DRQN) is proposed to determine the optimal channel access policy through
online learning. The basic goal of this paper is to develop a DRL-based solution to this
POMDP-DSA problem. This paper mainly focuses on improving performance from three
directions. 1. Find the optimal (or sub-optimal) channel access strategy based on fixed
partial observation mode; 2. Based on work 1, propose a more intelligent way to dynami-
cally and efficiently find more reasonable (higher efficiency) sensing/observation policy and
corresponding channel access strategy; 3. On the premise of ensuring performance, use dif-

ferent machine learning algorithms or structures to improve learning efficiency and avoid



users waiting too long for expected performance. Through the research in these three main

directions, we have found an efficient and diverse solution, namely DRQN-based technology.
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Chapter 1

Motivation, Background and

Contributions

Over the past ten years, global mobile data traffic has experienced tremendous growth.
Smartphone-centric mobile networks are gradually evolving into a massive Internet of Things(IoT)
ecosystem that integrates everything from smartphones to drones, connected vehicles, wear-
able sensors, and virtual reality apparatuses[l, 2, 3]. This unprecedented shift will not only
continue to drive exponential growth in wireless traffic, straining spectrum resources but
will also lead to the emergence of new wireless service use cases that differ from traditional
multimedia or voice-based services. Meanwhile, beyond the need for higher data rates,
the next-generation wireless networks must have multiple performances required to achieve
ultra-reliable, low-latency communication in real-time to a rich and dynamic environment
[4, 5,6, 7,8, 9]. Further, the future wireless network system must also support cloud-based
gaming, immersive virtual reality services, real-time HD streaming, and conventional multi-
media services [10, 11, 12]. To cope with the ongoing and rapid evolution of wireless services,
basic concepts from machine learning are being integrated into the wireless infrastructure
and at the terminal.

Machine learning is expected to play several roles in the next generation of wireless commu-
nication systems. First, the most natural application of machine learning is to leverage big

data to enhance situational awareness, and overall network operations [11, 13, 14]. Second,
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machine learning will be the main driver for intelligent and data-driven wireless network op-
timization [15, 16]. It needs to be emphasized here that, compared to traditional distributed
optimization techniques, which are usually done iteratively in an offline or semi-offline man-
ner, the machine learning-guided resource management mechanism will be able to operate
in a fully online manner by learning, in real-time, wireless environment state and network
users[17]. Third, in addition to system-level functions, machine learning can play a key role
in the physical layer of wireless networks.[18, 19]. Thus, we believe that machine learning
has the potential to solve many of the challenges associated with next-generation wireless

communications, particularly related to DSA, which we will discuss next.

1.1 Dynamic Spectrum Access

Dynamic spectrum access (DSA)is a highlight research topic and has been widely stud-
ied over the past decade [20, 21, 22]. DSA is a combination of research and development
techniques based on theoretical concepts in network information theory and game theory to
improve the spectral efficiency of multi-communication networks. More recently, the concept
of DSA has drawn on principles from cross-layer optimization, artificial intelligence, machine
learning, etc[23, 24]. It has been made more feasible by the availability of software radio and
the development of sufficiently fast processors both at servers and terminals. Different kinds
of software developments on wireless commutation and Al are techniques for cooperative
optimization. And the related optimization techniques can also be compared or related to
the optimization of one link in the network because of losing performance on many links
negatively affected by this single optimization. DSA provides sensing and dynamic reconfig-

uration capabilities that leverage spectrum holes (also called white spaces). Exploiting these
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white spaces allows opportunistic transmission without requiring extra spectrum bandwidth.
When channels are independent and identically distributed (i.i.d.), there are many existing
works, such as [25, 26, 27, 28|, which examine the optimal/near-optimal policy for channel
access. The Myopic policy [25] and the Whittle Index policy [26] are two classic and practical
approaches. According to [25], the Myopic policy focuses on the immediate reward obtained
from action and ignores its effects in the future. Thus, the user always tries to select a chan-
nel that will maximize the expected immediate reward. However, the Myopic policy is not
optimal in general. When the channel state transitions are positively correlated or slightly
negatively correlated, the approach is nearly optimal[25]. However, when the channel state
transitions are negative, or the agent doesn’t know the transitions, the myopic may fail. The
Whittle Index is another algorithm that can not guarantee optimal performance. Based on
[26], when the two-state Markov chain matrix is known and all channels are independent, the
Whittle Index policy can be represented as a closed-form solution and has the same optimal
result as the Myopic policy. Due to their similarity, we only implement the Myopic policy
in the study presented in this dissertation.

Although the Myopic policy and the Whittle Index policy are not difficult to implement,
the two algorithms need to know the system statistics, which are unknown apriori. More-
over, even if the statistical knowledge is obtained via online estimation, the accuracy of this
knowledge cannot be guaranteed. Further, if there are some channels that a Markov tran-
sition matrix cannot fully model, even if its probability characteristics are estimated, the
performance can suffer dramatically. Thus, new approaches are needed.

At this point, it is beneficial to explain why the Markov decision process (MDP) is assumed
in our study. In mathematics, an MDP is a discrete-time stochastic control process. It
provides a mathematical framework for modeling decision-making in situations where out-
comes are partly random and partly under the control of a decision maker. The model is

used in many disciplines, including communication, manufacturing, automatic control, and
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economics. In wireless communication, especially in our DSA issue, future channel states
(conditional on both past and present values) depend only upon the present state; given the
present, the future does not depend on the past. And the process conforms to the Markov
property, so this is an important reason why we introduce MDP - everything starts from
practical problems. The basic idea of an MDP is that at each time step, the process is in
some state s. The process at the next time step will randomly move into a new state s_,
which depends only on the previous state and not the history of states. Additionally, when a
decision maker is involved and takes action a based on state s, the decision maker receives a
corresponding reward r. Mathematically we represent the probability of transitioning from

state s to state s as

Pssi =P [St+1 == 87|St == S] (11)

while the expected reward received is written as

RS =F [Rt—i-l |St = S,At = CL] (12)

1.2 Machine Learning

Machine learning (ML) was introduced in the late 1950’s as a technique for artificial in-
telligence (AI) [29, 30]. It is the scientific study of algorithms and statistical models that
computer systems use to effectively perform a specific task without using explicit instruc-
tions, relying on patterns and inference instead. Over time, its focus evolved and shifted
to computationally viable and robust algorithms. Over the past decade, machine learning
techniques have been widely used for various tasks, including classification, regression, and

density estimation in application domains such as bioinformatics, speech recognition, spam
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detection, computer vision, fraud detection, and advertising networks.[31]. The algorithms
and techniques come from diverse fields, including statistics, mathematics, neuroscience,
and computer science. The following two classical definitions capture the essence of machine
learning: 1) The development of computer models for learning processes that provide so-
lutions to the problem of knowledge acquisition and enhance the performance of developed
systems. 2) The adoption of computational methods for improving machine performance by
detecting and describing consistencies and patterns in training data [32].

Existing machine learning algorithms: supervised, unsupervised, and reinforcement learning
[33]. Machine learning algorithms are provided with a labeled training data set in the first
category. This set is used to build the system model representing the learned relationship
between the input, output, and system parameters. In contrast to supervised learning, unsu-
pervised learning algorithms are not provided with labels (i.e., there is no output vector). An
unsupervised learning algorithm aims to classify the sample sets into different groups (i.e.,
clusters) by investigating the similarity between the input samples. Thus, in unsupervised
learning, the same input may have different outputs. The third category includes reinforce-
ment learning algorithms, in which the agent learns by interacting with its environment
(i.e., online learning). However, they can also be pre-trained by simulating the environment.
Finally, some machine learning algorithms do not naturally fit into this classification since
they share characteristics of both supervised and unsupervised learning methods. These
hybrid algorithms (often termed semi-supervised learning) aim to inherit the strengths of

these main categories while minimizing their weaknesses [34].
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1.3 Deep Neural Networks

Before defining a Deep Neural Network, we must fist explain the Neural Network.

A Neural Network (a.k.a Artificial Neural Network, ANN) [35, 36, 37] is an information
processing paradigm that is inspired by the way biological nervous systems, such as the
brain, process information. The key element of this paradigm is the novel structure of the
information processing system. It comprises many highly interconnected processing units
(neurons) working in unison to solve specific problems. ANNs; like people, learn by expe-
rience. ANNSs are configured for specific applications, such as pattern recognition or data
classification, through a learning process. Learning in biological systems involves tuning the
synaptic connections between neurons. The development of artificial neural networks has
been key to teaching computers to think and understand the world while retaining their
inherent advantages over us, such as speed, accuracy, and unbiasedness. A trained neural
network can be thought of as an ’expert’ in the category of information it has been given
to analyze. This expert can then be used to provide projections showing new situations of
interest and answer 'what if’ questions [38, 39].

Deep neural networks are a set of algorithms that have set new standards in accuracy for
many significant problems, such as image recognition, sound recognition, recommender sys-
tems, natural language processing, etc. For example, deep learning is a part of DeepMind’s
well-known AlphaGo algorithm, which beat the former world champion Lee Sedol at Go in
early 2016, and the current world champion Ke Jie in early 2017. A complete explanation of
the neural works follows. First, depth is a technical term. It refers to the number of layers in
a neural network. Shallow nets have a so-called hidden layer, while deep nets have more than
one. Multiple hidden layers allow deep neural networks to learn data features in so-called
feature hierarchies. Simple features are recombined from one layer to the next to form more

complex features. A network with multiple layers passes the input data (attributes) through
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more mathematical operations and thus is more computationally intensive to train than a
network with few layers. Computational intensity is one of the hallmarks of deep learning,
which is why a new type of chip called a GPU (general-purpose processing unit) is needed

to train deep learning models.

1.4 Deep Recurrent Q-Learning

1.4.1 Deep Q Learning

Prediction and Action

/(_\ R

Y -
N // \

Intelligent
Agent

ing

>

A R A
( Environment )
—

\
J

Learn
P

\ ~— ~
/ < N p—

Observation(t+1) and Reward

Figure 1.1: The agent-environment interaction process

Q-learning is one of the model-free reinforcement learning algorithms. Q-learning aims to
learn a policy that tells an agent what action to take under what circumstances. It does not
require a model (hence the connotation "model-free”) of the environment and can handle
problems with stochastic transitions and rewards without requiring adaptations. As shown
in Figure 1.1, an intelligent agent interacts with the environment over a sequence of discrete
times to accomplish a task. At the time ¢, the agent observes the environment to obtain
o € O, where O is the set of possible observations. It then takes an action, a; € A,, where
A,, is the set of possible actions given observation o;. As a result of the observation-action
pair, (o, a;), the agent receives a reward R (o, a;) (in order to simplify the representation,

usually we also use ), and the environment provides a new observation 0,1 at time ¢ + 1.
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The goal of the agent is to maximize some function of the reward. In general, the agent takes
actions according to some decision policy 7w and, with sufficient experience, the agent can
learn an optimal decision policy 7*, which will maximize its performance criterion (typically
long-term reward). The Q-learning algorithm process has the following steps: (1) Build and
initialize the Q-Table. The table has n columns, where n is a number of actions. There are
m rows, where m is a number of states. This table represents the value of a particular action
while in a particular state. (2) Choose and act. The chosen action in the state is based on
the Q-Table. Before the agent has sufficient training, it occasionally takes a random action
(known as ‘exploring’) to learn/update the Q-table. After training, the agent takes action
with the maximum Q-value based on the table (known as ‘exploiting’). In order to balance
the exploring period and exploiting period, a greedy epsilon strategy is often applied in Q-
learning [40]. After each action, the agent will evaluate and update the function represented

by the table @ (s,a). The function is:

Q(8, @) ey = Q5,0) g +  [R (5, 0) + ymax Q' (s',a") = Q(s,a) ] (1.3)

where, « is learning rate, v is discount rate, s, a is current state and action pair, and s, a’ is
future state and action pair.

Deep Q-learning or a Deep Q-Network (DQN) is a recently developed technique within Re-
inforcement Learning[41]. It overcomes the main defect of traditional Q-Learning [42]: the
requirement of a large amount of resources to compute and store the state-action value func-
tion, i.e., the Q-table. These requirements result in an unacceptable amount of computation
and memory resources, especially when the number of states (related to channels in our prob-
lem) is large. In DQN, deep neural networks are used to approximate the state-action value
function, ¢ (s,a;0) ~ Q (s,a), where, @ (+) is the true Q-value, and ¢ () is estimated Q-value,

(s,a) is the state-action pair and the estimated parameter vector 6 is the vector of weights in
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the deep neural network. Thus, the DQN can be trained by minimizing the prediction error
of ¢ (s,a;0). Meanwhile, during online learning, we must balance exploitation (i.e, using the
best known action) and exploration (learning new, possibly better actions). The e-greedy
policy is often adopted to accomplish this tradeoff. For the e-greedy policy, the agent selects
the greedy action a; = argmax q (s, a; f) with probability 1 — ¢, and selects a random action
with probability €. The re;Son for randomly selecting an action some percentage of the time
is to avoid getting stuck with a sub-optimal ¢ (s, a; @) function that has not yet converged to
better ¢* (s, a; 6) (i.e., learning better actions).

With the development of deep neural networks, many research fields have begun to utilize
it to improve their performance. For example, in signal processing, [43] utilizes a DNN to
rebuild time-domain signal, [44] does antenna selection via deep learning, [45] focuses on
channel estimation and direction-of-arrival (DOA) estimation in massive MIMO based on
deep learning and so on. As is known, language processing and image processing are two
branches of signal processing. In language processing, or more specifically natural language
processing (NLP), deep neural networks have already been widely used. In NLP, researchers
combine recurrent neural network with deep neural networks to deal with Speech Recogni-
tion [46, 47, 48]. In image processing, researchers combine convolutional neural networks
with deep neural networks to perform image reconstruction (compression and decompres-
sion) and recognition [49, 50, 51, 52]

However, a DQN cannot completely solve a POMDP problem. This is because, in a DQN,
the Q-value should be calculated based on the current state which requires a full (and perfect)
channel state observation. Thus, if the agent is unable to observe the full state, a DQN-
based approach may perform poorly. Therefore, we need to introduce another approach,
viz., a recurrent neural network, to accommodate partial observations. We will introduce

deep recurrent Q-networks (DRQN) in the following section.
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1.4.2 Recurrent Neural Networks and LSTM

The recurrent neural network (RNN) [53, 54] is one class of artificial neural networks that
has the capability of modeling the dynamic temporal behavior of a sequence of events. The
idea behind an RNN is to utilize sequential information. In a traditional neural network,
it is assumed that all inputs (and outputs) are independent of each other. However, if the
network wants to predict the next state, it needs to know which observations came before
it. Another way to think about an RNN is that it has 'memory’ which captures information
about what has been calculated so far. In theory, an RNN can make use of information in
an arbitrarily long sequence, but in practice they are limited to looking back a finite number
of steps. An RNN is called recurrent because it performs the same task for every element of
a sequence, with the output being dependent on the previous computations.

In a traditional neural network, the basic computing component is termed a "unit’, but in
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Figure 1.2: The Structure of an LSTM used in the DRQN Nodes

an RNN, the basic unit is termed a ’cell’. In our work, Long Short-Term Memory (LSTM)
[55], which is one of the most effective types of cell structures, is applied to an RNN. Tts
structure is shown in Figure 1.2 and in order to understand the basic principle of an LSTM,

a simplified formulation is described in the following.
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At time t, the input observation is s;. First, we compute the input gate values In; and the

candidate value C; for the states of the memory cells at time ¢:

Ing = sigmoid (Wi, si + Uinhy—1 + bin) (1.4)
ét = tanh (Wcst + Ucht—l + bc) (]_5)

Here, sigmoid is known as a logistic function, which we choose to be sigmoid (x) = 1/(1 + e™%),
and tanh is the hyperbolic tangent function, which is tanh (z) = (e* —e™)/(e* + ™) .Wip,
U;, and b;, are parameters of the input gate, W,., U. and b. are parameters of the self-
recurrent connection and h;_; is information from the memory input. Second, we compute

the forget gate value f;:

fi = sigmoid (Wysy + Uphy—1 + by) (1.6)

Here, Wy, Uy and by are parameters of the forget gate. Based on the values of the input
gate, the forget gate and the candidate state, the new candidate state value can be calculated:
Ot = [nt X ét + ft X Ot—l (17)

Finally, we compute the output value Out, and upgrade the memory information h;:

Outt = Singid (Woutst + Uoutht—l + ‘/outCt —+ bout) (18)
h/t = Outt X tanh (Ct) (]_9)

where, W, Uy and by, are parameters of the forget gate. It is noted that all parameters

(weights) in DRQN are updated during learning process.
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1.4.3 Deep Recurrent (Q Network

In order to solve the POMDP problem, we should make full utilization of previous data.
However, inputting previous observations directly into Neural Networks has some problems.
First, the method will increase the required resources to store previous data (in [56], its
memory size is about 1 million memory tuples). However, not all of the previous information
is useful (e.g., if the node only cares about how many steps the last observation will change
instead of giving it all the steps’ observations). Meanwhile, inputting much more data will
also increase the resources for the calculation. Combining a Deep-Q network with a recurrent
neural network, not only allows us to make full utilization of sequential information, but can
also reduce the redundant information. Unlike the DRQN structures in [57, 58, 59, 60|, the
proposed DRQN structure is shown in Figure 4.1.

Here, After power sensing, the channel state estimator determined the channel states (idle:0,

DRQN Brain

u RNN Layer

——————————————————————

Sensing Frediction
Sensing results ~ E—— ) —-@» SR - —— and
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| 1 i

29 Full conrf?ecrea‘ Layer
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Combine the memory tuple

Memory Buffer

Figure 1.3: The proposed DRQN Structure
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occupied:1 and unknown:2). Due to the noise and interference, the power sensing and the
estimated process may not be perfect. Meanwhile, compare to DQN, the memory tuple in
DRQN is (s,r,a,t,s_) where t is time. In the DRQN brain, the input layer is ignored and
the output layer is shown in the last layer.

Therefore, we can abstract the entire mathematical process:

Our goal is find the optimal policy 7* such that
Q* (s,a) = maxFE [ry|s = sy, a = ag, ] (1.10)

Because of different learning approaches, the () value computation can be represented by
different expressions: 1). In DQN approach, the @) value can be represented by Q(s,a), s is
the result of sensing/observation and a is action. Meanwhile, due to the structure of DQN,
the data we feed into NN is < s,a,r, s~, s is current sensing/observation and sis following
sensing/observation, r is reward (or penalty), and a is action. 2). In DRQN approach, the
@ value can be represented by Q(s,a,t), s is the result of sensing/observation, a is action,
and t is the time stamp. Also, due to the structure of DRQN, the data we feed into NN is
< s,a,1,t, 85, s is current sensing/observation and s is following sensing/observation, r is
reward (or penalty), ¢ is the current time stamp, and a is action. It should be noted that our
work mainly has two types of goals: optimal transmission policy and optimal sensing pattern
with corresponding transmission policy. Thus, our goals can be represented mathematically
using the Bellman equation:
1). DQN:

Qiv1(s,a) =FE (ri + 'yrrngi (s_,a_)]ls, a) (1.11)

2). DRQN:

Qiv1(s,a,i) = FE (Ti + ymaxQ; (s_,a_,1)|s,a, z) (1.12)
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Here, s represents the result of sensing/observation (i.e, the state). It should be mentioned
that it is a partial sensing/observation result due to limited resources. Meanwhile, s, a__
and r are dependent on the s, a . Further, when the ¢ — oo, we have Q); — Q*, i.e., we will
approach the optimal policy.

Because our work focuses on two different aspects of the DSA problem (sensing and trans-

mission), we use different definitions of the reward, r depending on the specific application:

1. Optimal transmission policy:

r=f(pels,a,t) (1.13)

and if the cache is considered, the reward is formulated as:

r=f(pewl(s,w),a,t) (1.14)

2. Optimal sensing pattern with corresponding transmission policy:

r=f(p,e,Nls,a,t) (1.15)

and if the cache is considered, the reward becomes:

r=f(p,e,N,wl(s,w),a,t) (1.16)

Note that f(-) is the reward function. In DSA, our ultimate goal is to improve the through-
put of the secondary network and reduce the collision rate with the primary network. Thus,
the reward is determined by three variables, p (throughput), € (collision rate), and N (num-
ber of sensing/observation channels). However, if we consider the cache, the reward will be

a function of four variables: p, e, N, and w (cache state). Here, it should be mentioned that
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the cache state is not only a part of the result but also a parameter for adjusting the reward.
It’s worth stating that the function is positively correlated with p and negatively correlated
with and N. When we optimize the transmission strategy with a fixed observation pattern,
we ignore N. Meanwhile, the cache state w is a strategy for adjusting rewards in the form
of a piecewise function.

An important issue that needs to be discussed is the relationship between the neural net-
work’s size and the system’s complexity. In the current work, we have not provided a quan-
titative analysis but have drawn some qualitative conclusions. In the [61, 62, 63], researchers
concluded that the size of a neural network affects the performance (e.g., the accuracy of
classification). In our problem, we found that when the number of communication channels
is large enough, we need to increase the neural network size to guarantee performance ex-
ponentially. However, the more extensive the network, the larger the training time and the
amount of data required for training. Neither of these requirements may not be feasible in a
practical communication node. Therefore, when we use machine learning in DSA, we make
one underlying assumption: our hypothetical environment has a limited number (no more

than 10-20) of channels.

1.5 Contributions to the State of the Art

The main contributions of this dissertation are to combine deep reinforcement learning with
recurrent neural networks for partial observation-based dynamic spectrum access. In partic-
ular, we propose Deep Q learning with an LSTM structure, referred to as DRQN, to learn
different environments under partial observation/sensing. Using the DRQN approach, the

proposed node can learn to avoid primary users and improve throughput and robustness
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with limited spectrum resources. Additionally, in order to reduce delay, we introduce a
cache module into the proposed DRQN. Using a reasonable definition of the cache state
and corresponding dynamic reward structure, our proposed DRQN approach can maintain
proper cache storage and keep relatively high throughput, low collision rate, and suitable
delay and packet loss rate. This dissertation will weave together notions from deep learn-
ing, reinforcement learning, and dynamic spectrum access to enable these contributions. In

summary, our contributions are given as follows:

1.5.1 The Application of Deep Reinforcement Learning to Dis-
tributed Spectrum Access in Dynamic Heterogeneous Envi-

ronments with Partial Observations

In this portion of the dissertation, we assume that SUs sense channel occupancy using a
specific observation pattern and determine which action to take (i.e., which band to trans-
mit in or do not transmit at all, also known as the transmission policy) at the next step to
improve system throughput and reduce collisions. Note that the state can change at each
step. Since throughput is hard to represent directly as input to a neural network, we use
successful transmissions and collisions instead. In other words, if the node transmits and the
corresponding channel is idle in that time step, the transmission succeeds, and the user re-
ceives a positive reward. The success or failure of transmission is assumed to be known using
standard ACK/NACK messages. After a successful transmission, the benefits to through-
put are reflected in the assignment of a positive reward. If the channel is occupied at the
time of the SU transmission, a collision occurs, the transmission fails, and there is a penalty

incurred. As mentioned, nodes can also choose to wait (i.e., not transmit), resulting in no
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reward or penalty. The specific contributions of this part of the work are:

1. We provide a solution when all channels in the environment are independent, which

are more difficult and practical than correlated channels.

2. We provide a solution that can handle partial observations of the channel state, which
is again a more practical assumption due to limited resources and a desire for reduced

energy consumption.

3. We provide a solution that does not require knowledge of the behavior patterns of each
channel or the other nodes in the system. We demonstrate this using two very different
types of environment without any prior knowledge: stochastic and deterministic as well
as various combinations of the two. Thus, our proposed approach is a general solution

to the problem.

4. We show that the proposed DRQN can tolerate different levels of imperfect environ-

mental feedback as well as hidden nodes.

5. We demonstrate that the proposed DRQN can also handle a dynamic environment.
Meanwhile, it can not only learn different environments, but also has reasonably fast
convergence speed. Moreover, the results provide an important insight: pre-training
can provide performance improvement (in terms of convergence speed) for learning

nodes.

6. We demonstrate that the approach allows for multiple learning agents to be deployed

in the same environment without introducing convergence issues or instability.

7. We develop and demonstrate an approach that includes cache information so that

packet delay and drop rate can be controlled.
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1.5.2 Improved Dynamic Spectrum Access through DRQN-based

Flexible Sensing and Exploitation of the Cache State

Although partial observations are accounted for in the previous work, the approach utilizes
a fixed sequential observation pattern (e.g., observing half of the channels followed by ob-
serving the other half). Obviously, in some scenarios, a fixed observation pattern may result
in a waste of resources. Thus, in this work, we combine Deep Q learning methods with an
RNN, in particular long-short term memory (LSTM), to learn the optimal (or near-optimal)
sensing policy that chooses one or two channels at each sensing interval to obtain (imper-
fect) observations of a small fraction of the available channels. We will show we can obtain
near-optimal performance with substantially less channel sensing by directing sensing rather
than simply transmission. Additionally, we show that by modifying the reward structure
based on the number of packets in the cache and adding cache information to the DRQN
input, we can exploit multiple open channels and coarsely control packet delay and drop
rate. More specifically, in this work, we provide the following contributions to state of the

art:

1. We develop and characterize a DSA approach using a DRQN to drive sensing decisions
that substantially reduces the number of channels that must be sensed each timeslot

with very little loss in performance.

2. We show how relative reward settings can be used to control the behavior of the DSA

approach making it more or less aggressive (trading throughput for collision rate).

3. We develop and demonstrate an approach that includes cache information so that

packet delay and drop rate can be controlled.
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4. We demonstrate that the approach allows for multiple learning agents to be deployed in
the same environment without introducing convergence problems or instability. This
is sometimes termed the “multi-agent problem”. We also demonstrate that the ap-
proach reacts well to changes in the environment and converges quickly, especially if

the environment has been seen previously.

1.5.3 Accelerating Reinforcement Learning in Dynamic Spectrum

Access

In our previous works [64, 65], we utilize a DRQN-based technique (combining a recurrent
neural network [55] with a DQN) for making access decisions that are near-optimal despite
using partial observations of the spectrum. However, among the previous work in the area
of DRL for DSA, there has not been a concerted effort to improve a critical aspect of this
online learning approach: convergence speed. In a practical communication system, a user
shouldn’t wait long to achieve the expected QoS performance. Therefore, improving the
learning efficiency and thus reaching the expected performance faster (with limited comput-
ing resources) is a goal worthy of research. Thus, in this work, the current work focuses
on convergence speed under the assumption of partial observations in a dynamic spectrum
access application using deep reinforcement learning. In contrast to most work applying
reinforcement learning to DSA, our goal is for the agent to learn the sub-optimal (or even
optimal) access action with accelerating converge speed. As we know, in our previous works
(64, 65], and other prior works [24, 56, 64]), the convergence speed is an important but little-
studied topic. Therefore, in this work, we mainly focus on how to improve the convergence
speed. This is an uncoordinated multi-channel access problem with discrete channels under
partial observations. In our assumed model, each channel has three possible states (occupied,

idle, and unknown). Fach PU transmits according to some predetermined schedule and is
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assumed to avoid collisions with other PU’s. Additionally, the PUs ignore the activity of the
SUs, as SUs must avoid the PUs, not vice-versa. Further, each SU has to observe at least
some of the channels and choose one channel on which to transmit or choose to wait until a
later time. If the SU chooses to transmit and the selected channel remains idle, the trans-
mission is successful (i.e., we assume that interference dominates performance). Otherwise,
there is a collision, and the transmission fails. Because of the limited resources available,
SUs can observe some channels’ states with imperfect feedback each timeslot but not all
channels. In this work, we examine three approaches to accelerate learning: (1) learning
frequency (parallel learning structures or multiple learning [66]), inherited learning (general
transfer learning [67, 68]), and Meta-learning [69, 70]. At the same time, it should be noted
that the scenarios in which these three different methods can be used are different. The
results demonstrate that the three different approaches can each accelerate the convergence
speed and guarantee near-optimal (sometimes even optimal) performance under partial ob-
servation constraints. More specifically, in this work, we provide the following contributions

to the state of the art:

1. We implement parallel learning structures or multiple learning in a dynamic spectrum

access application under partial observations

2. We implement general transfer learning in a dynamic environment under partial ob-

servations.

3. We implement Meta-learning with DRQN in dynamic spectrum access application

under partial observations.

4. Finally, we compare the three approaches and conclude that all three approaches can

accelerate the convergence speed and guarantee near-optimal performance under par-
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tial observation constraints. Further, the results show that meta-learning is the best
choice for accelerating the learning process. However, general transfer learning is bet-
ter if the system requires a faster accelerating learning process. The reason is that if
the running time is long enough, Meta-Learning must be the best way to improve the
convergence speed. However, the best premise is that the period is long enough. The
advantage of general transfer learning is that it can quickly improve the convergence
speed, but its performance has limitations. For example, if the original convergence
takes 10,000 steps, general transfer learning may increase the convergence speed to
5,000 steps earlier than the third run. But ML may need to hit the same level of
convergence speed around the fifth run. However, as time goes on, the final ML. may
be able to reduce the convergence speed up to 3000 steps. Parallel learning is found
to be the most straightforward way to accelerate learning. However, it needs more

computing and storage resources than the other two approaches.
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Chapter 2

Optimizing Transmission Policy in
Dynamic Spectrum Access with

Partial Observations

As we mentioned in the abstract, over the past ten years, global mobile data traffic has expe-
rienced tremendous growth making spectrum resources even more critical for future wireless
communication networks. However, the spectrum is an exorbitant and scarce resource. Thus,
Dynamic Spectrum Access (DSA) [20, 21] is a key concept that has the potential to improve
spectrum utilization efficiency in wireless networks and help meet the aforementioned need
for more spectrum. In the context of DSA research, a standard assumption has been estab-
lished that secondary users (SUs) may search and use idle channels that are not being used
by the primary users (PUs).

This chapter focuses on spectrum prediction in which the SUs sense and analyze the channel
states at the current time and predict the optimal transmission actions (e.g., to transmit in
a particular band or wait) during the next time slot. In general, this is an uncoordinated
multichannel access problem with independent channels under partial observations. Each
channel has three possible states (occupied, idle, and unknown) at any given time. Each PU
in the environment selects one channel at each time step to transmit a packet (PUs transmit

without sensing and are assumed to avoid collisions with each other; they also ignore SUs).

23
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The SUs must observe the spectrum (channels) and choose a channel to transmit or delay
its transmission until later. If the SU chooses to transmit and the selected channel is idle
during the transmission, we assume the transmission is successful. However, if any other
node has selected the channel, there is a collision. The SU is assumed to be able to detect
the channel state, although not necessarily perfectly. The PUs are assumed to be of various
types based on their spectrum behavior which will be described in more detail shortly.
Generally speaking, in order to exploit idle channels and improve spectrum utilization ef-
ficiency without any prior knowledge, reinforcement learning (RL), especially Markov De-
cision Process (MDPs), is one potential solution [42]. The advantage of RL is learning
through experience in situations where knowledge about the environment is uncertain but
can be learned. However, traditional RL methods typically estimate transition matrixes
and reward matrices requiring prohibitively large computational resources when applied to
dynamic spectrum access. Thus, in order to overcome this challenge, Deep Reinforcement
Learning [40], and in particular, the Deep Q-Network (DQN) has been proposed to solve
the optimal channel access policy via online learning. DQN and its derived algorithms (e.g.,
Double-DQN and Dueling-DQN) are able to deal with large state spaces and find a good
suboptimal or even the optimal policy directly from experience without any prior informa-
tion about the system dynamics [40][71].

Obviously, the more information the SU obtains, the higher the probability that it will se-
lect the optimal action. However, in practice, the node cannot observe all channel states at
each time step. Thus, the learning approach (e.g., a DQN) may not be able to completely
solve the resulting Partially-Observable Markov Decision Process (POMDP). Although the
SUs can’t observe all state information simultaneously, it can observe the full environment
sequentially. Extracting and analyzing the related information from these sequential ob-
servations can be achieved by combining a recurrent neural network [55] with a DQN. The

resulting structure is known as a Deep Recurrent Q-Network (DRQN), which we show can
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predict correct actions at the following step by using partial observations. We will show that

this approach is effective for DSA in the examined environments.

2.1 Related Work

In recent years, the development of machine learning has attracted the attention of re-
searchers in the area of wireless communications, as it is applied to many of the challenges
facing wireless systems. Many works have begun to focus on the more practical and complex
DSA problems where the system dynamics are unknown. The most popular algorithm for
accomplishing this is Q-learning since it is a model-free method and can learn the optimal
policy directly via online learning, [72, 73, 74, 75, 76]. These works mainly use Q-learning
and its derived algorithms (e.g., SARSA) to establish and tabulate the transition matrix
based on observations that learning nodes use to make decisions. Compared to traditional
algorithms, these methods are better able to deal with the lack of prior knowledge. However,
the complexity of tabulating the Q-functions is still fairly high, and the performance still
has room for improvement. In 2013, Google DeepMind used a deep neural network, called a
DQN, to approximate Q-values in Q-learning in order to overcome the limitations of classic
Q-learning [40, 41].

Recently, some researchers have attempted to solve the DSA problem using a DQN. For
example, [56] examines correlated channels in DSA. However, when channels are correlated,
the number of possible states in the entire system decreases. Further, because DRL doesn’t
need to calculate the system transition matrix when channels are correlated, fewer possible
states will reduce the difficulty of learning. Thus, to some extent, independent channels

would be more general. Real-world tasks often feature incomplete and noisy state informa-
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tion resulting from partial observability and imperfect feedback. Unfortunately, DQNs are
limited in the sense that they learn a mapping from a limited number of past states. Thus,
in general, a DQN is unable to fully solve Partial Observation Markov Decision Problems
(POMDPs) in a communication system. However, by combining Recurrent Neural Networks
(RNN) with a DQN, [57] and [58] solve such POMDPs in computer games. Based on the
core ideas of an RNN, some researchers, such as in [59] and [60], provide a solution that
combines an RNN with a DQN to solve such DSA problems and made some breakthroughs.
In [59], the DQN is trained for all users at a single unit (e.g., the cloud) which means the
nodes update their DQN weights by communicating with the central unit. However, in our
problem, the learning nodes are unable to communicate with each other even through a
central unit. Moreover, the assumption of offline training and the number of channels in
[59] are very different than what is considered here. [60] combines a reservoir computing
algorithm (one kind of RNN) with a DQN to solve POMDPs when learning nodes can’t
communicate with each other, but it is not a clear spectrum prediction method, and the
performance could be improved in terms of both convergence speed and collision rate. Thus,
in this paper, we will attempt to combine these DRL methods with another kind of RNN to
solve the spectrum prediction problem with partial observations.

As compared with previous related work, this work advances state of the art in several

aspects:

1. We assume all channels in the environment are independent, which is a more difficult

and practical problem than correlated channels.

2. We assume the learning agent only has access to partial observations of the channel

state due to limited resources or a desire for reduced energy consumption.

3. We assume that the DRQN node does not know the behavior patterns of each channel
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or the other nodes in the system. We examine two very different types of environments
without prior knowledge: stochastic and deterministic, as well as various combinations

of the two. Thus, the developed approach is a more general solution.

4. We show that the proposed DRQN can tolerate levels of environmental feedback error

up to 15% and even hidden nodes.

5. We demonstrate that the proposed DRQN can also handle a dynamic environment. In
fact, it can not only learn a variety of environments, but it does so with a relatively fast
convergence speed. Moreover, the results provide an important insight: pre-training

can improve performance (in terms of convergence speed) for learning nodes.

6. We demonstrate that the approach allows multiple learning agents to be deployed in

the same environment without introducing convergence issues or instability.

7. We develop and demonstrate an approach that can include cache information so that

packet delay and drop rate can be (coarsely) controlled.

2.2 System Model and Problem Formulation

2.2.1 System Model

In this paper, we consider a dynamic spectrum access scenario with a mesh network of 2/NV
primary radio nodes, including N transmitters and N receivers. The N primary transmitters
choose to transmit on one of K independent channels with a behavior that is based on their

node type at each time step. In the system, we assume that there are several types of nodes:

« Legacy node (PU): Occupies one fixed channel at all times
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« Hopping node (PU): Dynamically occupies a single channel which changes at each time
step using a regular pattern

« Intermittent node (PU): Periodically occupies one fixed channel (this could be a TDMA

node)
 Stochastic node (PU): Occupies one fixed channel based on a probability distribution

» Greedy node (SU): Occupies the first available channel it observes. It can be regarded

as a type of DSA node
« Myopic node (SU): Learning node with Myopic policy [25]
« DQN node (SU): Learning nodes using standard DQN [77]

o DRQN node (SU): The proposed learning node

It should be noted that, in the simulated environments, the Legacy node, Hopping node, In-
termittent node, and Stochastic node are PUs. Meanwhile, the Greedy node, Myopic node,
DQN node, and DRQN node are SUs that can examine ACK/NAK information to determine
whether their respective transmissions were successful. We also assume that there are no
duplex collisions (i.e., collisions between up/down transmissions of the same communications
link. Collisions only occur when two different transmitter nodes attempt to occupy the same

channel simultaneously. Further, the channel states can change at each step.

2.2.2 Problem Formulation

Based on the system model assumed above, SUs sense channel occupancy using a specific

observation pattern and determine which action to take (i.e., which band to transmit in or
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not transmit at all) at the next step to improve system throughput and reduce collisions.
Note that the state can change at each step. Since throughput is hard to represent directly
in a neural network, we use successful transmissions and collisions instead. In other words,
if the node transmits and the corresponding channel is idle in that time step, the transmis-
sion succeeds, and the user receives a positive reward. Success or failure of transmission is
assumed to be known using standard ACK/NACK messages. During a successful transmis-
sion, the benefits in terms of throughput are reflected in the assignment of a positive reward.
If the channel is occupied at the time of the SU transmission, the transmission fails, and a
penalty is incurred. As mentioned, nodes can also choose to wait (i.e., not transmit), which
results in no reward or penalty.

The goal of this node is to optimize (i.e., maximize) its network throughput while minimizing
collisions. However, a DRQN is designed to maximize utility (essentially long term expected
reward):

U= maaxQ (s,a) (2.1)

where @ (s,a) is the Q-function which represents the value of taking action a when in state

s. and is at the core of Q-learning. In standard Q-learning, it is updated by:

Q (s,a) + Q(s,a) + ar +ymax,Q (s',d') — Q (s,a)] (2.2)

Where, s is the current channel state and the s’ is the following channel state, a is the cur-
rent action and a’ is the following action, r is the immediate reward and ~ is the discount
parameter (between 0 and 1).

In our work, As stated above, we formulate the problem as follows: our goal is to maxi-
mize throughput while minimizing collisions. Throughput is directly related to successful

transmissions. Thus, we seek to maximize the number of successful transmissions while
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minimizing collisions. To do this within the context of Q-learning, we define the rewards as
positively related to successful transmissions and negatively related to collisions. The goal
is then to maximize expected cumulative reward. We do this using Q-learning which learns
the Q-value (the long term utility or discounted cumulative reward of taking an action when
in a particular state) of each state-action pair. Specifically, we learn the Q-values using a
deep recurrent neural network and then choose the action with the maximum the Q-value

in each state.

2.3 Simulation results

This section investigates the performance of the proposed DRQN node via simulation using
TensorFlow [78]. In the overall communication environment, we assume that there exist 10
discrete frequency channels. For these experiments, we have two kinds of learning nodes.
The DQN structure has four fully connected hidden layers (each layer containing 30, 40, 50
and 25 units respectively). Our proposed DRQN neural network structure has five layers:
one input layer, one output layer, one RNN (40 hidden cells) layer and two fully connected
layers (containing 50 and 25 units respectively). The activation function used for the fully
connected layers is the ReLU (Rectified Linear Unit) function. When updating the weights
of the network, a minibatch of experience-tuples are randomly selected from a memory box
of 1500 prior experiences for the computation of the loss function [40]. The Adam algorithm
[79] is used to conduct a stochastic gradient descent for updating. In order to avoid getting
stuck with a suboptimal decision policy before the node has sufficient learning experience,
we apply an adaptive e greedy algorithm [40] which is initially set to 0.1 and is decreased

by 0.00005 every time step until reaching 0.01. Moreover, in order to obtain an accurate
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estimate of the performance, all simulation results are the average of more than 20 runs.

2.3.1 Reward Setting

The reward setting is an interesting issue that we have not fully explored in this paper.
However, our choice for the reward is, we believe, a logical starting point. Before explaining
the physical meaning, we should emphasize that the goal of our DRQN is to improve system
throughput while minimizing collisions. However, throughput is hard to input to a NN di-
rectly. Thus, we use successful transmissions instead. In other words, if the DRQN selects an
idle channel and completes a transmission successfully, the agent receives a reward. There-
fore, the physical meaning of the reward is that it is directly tied to successful transmissions.
Further, the reward is negatively related to collisions (e.g., there is a penalty associated with
collisions). Thus, collisions are worse than not transmitting at all. This reduces collisions,
which is an important aspect of system performance in secondary spectrum sharing.

To be clear, the value of reward and penalty of the DRQN can be varied. Based on our ex-
perience, if the value of the reward is much more significant than (let’s say more than twice)
the value of the penalty, the learning node becomes aggressive (i.e, it risks collisions in an
attempt to increase throughput). On the other hand, if the value of the penalty is higher, the
learning node becomes conservative. The reward setting, in our paper, is moderate (i.e., in
between aggressive and conservative): the value of the reward for a successful transmission
is 100 (per channel) and the the of the penalty for a collision is -50 (per channel). Thus,
the reward is essentially a guide to desired behavior. Further, it should be noted that the
relationship between the reward and the penalty values is more important than the absolute

values of the reward and the penalty.
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2.3.2 Stochastic Environment

O
R
Figure 2.1: Markov Chain Model of Stochastic PU

In the first set of simulations, the DRQN nodes are able to observe one half of the channels
during each time step. In the stochastic environment #1, all channels are occupied by
stochastic nodes which are described by a two-state Markov chain as shown in Fig 2.1. The
transition probability of the two-state Markov chain on the nth channel is:

P - Poo  Por (2.3)

Plo Pi1

where, p;; = Pr(statej|state;). Because [25] has already proved that, in this type of en-
vironment, the Myopic approach with prior knowledge is optimal, we wish to compare a
DRQN with the myopic approach. Meanwhile, because the node with the Myopic Policy
needs the channel transition probabilities, we examine two different kinds Myopic nodes: (a)
the Myopic node with prior knowledge of P,; (b) Myopic node which must estimate P,.

To examine the performance, we investigate two metrics, the successful access rate and the
collision rate. The successful access rate is the number of successful transmissions divided by
the number of time slots considered. The collision rate is the number of collisions divided by
the number of time slots. The two metrics are plotted versus time in Fig 2.2 where "Myopic’
refers to a myopic node with prior knowledge; "Myopic-est’ refers to a myopic node with ran-
dom initial Markov transition matrices which are updated each step (the myopic node will
take actions based on the current estimated transition matrices); "Half-DRQN’ is a DRQN

which can observe half the channels at each time step. From Fig 2.2, the proposed DRQN



2.3. SIMULATION RESULTS

Successful Access Rate

Caollision Rate

10
b

0.8 -

0.6 1

04 -

02 1 = Half-DRON
= Myopic
= Myopic-est

0o

10
—— Half-DRON
m— Myopic

0.8 - — Myopic-ast

06 1

04 1

02

#1—
0.0

) ) ) I ) )
] 10000 20000 30000 40000  S0000  eODOOO0O 70000
Time {Observations)

(a) Successful Access Rate in Stochastic Environment #1

) ) ) I ) )
0 10000 20000 30000 40000 50000  e0OQO0 70000
Time {Observations)

(b) Collision Rate in Stochastic Environment #1

33

Figure 2.2: Performance (Successful Access Rate and Collision Rate) in Stochastic Environ-

ment #1



CHAPTER 2. OPTIMIZING TRANSMISSION PoLicy IN DYNAMIC SPECTRUM ACCESS WITH PARTIAL
34 OBSERVATIONS

node can reach optimal performance although more slowly than "Myopic’, which is always
optimal, and "Myopic-est’ which learns the state transition matrices. Since all PUs follow
the Markov chain model of Fig 2.1, it is expected that a myopic approach should be optimal.
Further since all channels are occupied by stochastic PU nodes, there are potentially many
available channels at any given time. To get better understanding of the DRQN’s capability,
we should examine a more extreme communication environment.

A more extreme scenario has only one available channel. Thus, Stochastic Environment
#2 contains nine legacy nodes (#1 to #9) and one stochastic node (#10) which means the
learning nodes can only utilize the idle period from channel #10 (which has 0.333 probability
of being idle). Here, we also examine the performance of a DQN node with full observations
and a DQN node with 50% observations.

According to Fig 2.3, among all nodes, the successful access rate of the myopic approach
is the best which can reach approximately 31% while the DRQN has a successful rate of
about 29% and the full observation DQN is about 30%. However, the collision rate of the
DRQN, full observation DQN and half observation DQN are about 5% while myopic with
prior-knowledge and Myopic-est are about 3%. Based on the low collision rate we conclude
that all the learning nodes can learn to wait when they believe that there is no available
channel to access. Second, once the learning has converged, the collisions occur at the edges
of channel state changes. As one might expect, when a DQN has partial observations, its suc-
cessful access rate is significantly lower than full observations, although perhaps surprisingly
their collision rates are almost the same. The reason is, as compared to the DRQN node, the
DQN node has no structure to utilize previous observations and must be more conservative.
Thus, we can conclude that the DRQN node can extract and utilize the information from
previous observations and predict the future states. Overall, in a stochastic environment,
the proposed DRQN node is able to learn the optimal approach, even when observing the

channels only half of the time.
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2.3.3 Complex Environments with Different Observation Patterns

In this set of simulations, we compare two different observation patterns: (1) Observing one
half of the channels at each step and (2) Observing one third of the channels at each step.
Additionally, the proposed node is examined under two different complex scenarios. We
want to determine whether or not, in complex environments, the proposed DRQN node can
learn the pattern of heterogeneous nodes includes legacy nodes, hopping nodes, intermittent
nodes, hidden nodes and greedy nodes. In order to illustrate the improvement over other
approaches, a DQN with different observation rates and a node employing a Myopic Policy
are also examined. It should be noted that, because the channels don’t have knowledge of
the channel transition matrices, the Myopic node will estimate the transition probabilities
during the first 1000 steps using full observations.

In the Complex Environment #1, there is one hidden node (channel #1) and two legacy
nodes (channels #2 and #3). Further, there are three hopping nodes using dynamic chan-
nel occupancy patterns of #5#6H#T — HOHTHS — HTHEHD — #8H#D5H6 — #5H6HT>.
There are also intermittent nodes on three channels: #4 (node occupies this channel for 250
consecutive steps and is idle 12 consecutive steps), #9 (node occupies the channel for 250
consecutive steps and is idle for 10 consecutive steps) and #10 (node occupies the channel
for 250 steps and is idle for 5 steps). Thus, in this system, there is always an available
channel that can be used by the node under test (DQN, DRQN or myopic). It also should
be noted that the channel occupied by the hidden node appears idle when the learning node

is sensing, but is actually occupied.

2UXH#YH#7Z represents the channels occupied by the three hopping nodes at a particular time. The
sequence represents the hopping pattern of the three nodes
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For these simulations, we define the spectrum utilization rate as the number of the channels
occupied without collisions divided by the total number of channels. Assuming perfect op-
eration of a DRQN node (i.e. it always finds an open channel), the spectrum utilization rate
is about 95.5%. If the node learns perfectly, the full spectrum utilization will be obtained
except when the intermittent nodes aren’t transmitting. Thus, the highest possible value is
approximately 1 — max(5/255,10/260,12/262) ~ 0.955. From Fig 2.4, it can be seen that,
firstly, compared to other learning policies, the myopic policy isn’t effective in this envi-
ronment. Second, as compared to the full observation DQN node, the DRQN node learns
the occupancy patterns and attains near optimum full spectrum utilization rate. Thus, the
DRQN node can learn the pattens of the legacy nodes, hopping nodes, intermittent nodes
and hidden nodes. However, the DRQN node’s collision rate, which is approximately 5% in
the environment, is slightly higher than the full observation DQN. The reason is, due to the
partial observation of the DRQN (i.e. the node can not have full information of the system
at each time slot) and the reward setting (i.e. reward of successful transmission is much
higher than the penalty of a collision), in order to increase the channel utilization rate, the
DRQN policy will take more risk which causes the collision rate to be increased slightly.
However, from another viewpoint, the DRQN node only sacrifices a 3% collision rate but
uses half the sensing resources, which is undoubtedly a worthwhile tradeoff.

In the Complex Environment #2, we assume one hidden node (#1), two legacy nodes (chan-
nels #2 and #3), three hopping nodes, one greedy node, one DRQN node and two inter-
mittent nodes. The dynamic pattern of the hopping nodes is: #4#5#6 — #5HO6H#T —
HOHTHE — HTHEHA — #HE8HAH#L — #4#5#6. Intermittent nodes occupy channels: #9
(node occupies the channel for 250 consecutive steps and is idle for 10 consecutive steps)
and #10 (node occupies the channel for 250 steps and is idle for 5 steps). The greedy node
and the DRQN observe the channel state and take actions at the same time. Here, because

the DRQN node and the greedy node take actions simultaneously, the greedy node could be
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seen as a special type of hidden node which has dynamic attributes.

Assuming perfect operation of the DRQN node (i.e., it always finds an open channel), the
spectrum utilization rate is about 96% (1 —max(5/255,10/260) =~ 0.96). It can be seen that,
from Fig 2.5, the Myopic node is again unable to provide a successful channel access strat-
egy. Compared to the full observation DQN node, the DRQN node can also provide good
performance, even close to the optimal full spectrum utilization rate. Thus, the proposed
DRQN node can learn the patterns of the legacy nodes, hopping nodes, intermittent nodes,
hidden nodes, and greedy nodes. However, the DRQN node still has an approximately 5%
collision rate which is relatively high as compared to the full observation DQN. The reason
is the partial observation of the DRQN (i.e., the node does not have full information of the
system at each time slot) and the reward setting (i.e., reward for successful transmission
is much higher than the penalty of collision), which motivates more risky behavior and an
increased collision rate.

Based on both simulations, we find that because channels in both environments don’t meet
the requirements mentioned in [25], the Myopic node can not achieve optimal performance,
which is simply due to the fact that the nodes do not follow the model of Fig.2.1. Thus,
the performance of the Myopic node is poor. Compared to the performance of the DQN
node with partial observations, the DRQN node is able to reach optimal performance with
fewer observations, which means the DRQN node is robust in the presence of partial obser-
vation patterns. The reason is that although the number of observed channels is reduced,
the DRQN can give the corresponding predictions based on the sequential information from
previous observations. Therefore, its performance is good and relatively stable. Conversely,
due to the structure of the DQN, it can not fully utilize previous observations. Thus, the
performance without full observations is significantly worse than the DRQN node.

Second, when the environment becomes more complex, the performance of the DQN node

with fewer observations and the Myopic node is worse. Conversely, the DRQN node can still
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ultimately reach near-optimal performance in both environments. It can be concluded that
the DRQN node can adapt to different communication environments without adjusting its
parameter settings.

Based on the results of section 2.3.8 and section 4.3.2, we find that the Myopic is optimal
in environments that meet the appropriate model assumptions. However, when faced with
environments that violate these assumptions, performance suffers. Conversely, regardless
of the environment, the DRQN node is able to perform well and even reach near-optimal
performance. Further, in complex cases, the performance of the DRQN node with different

observation patterns remains stable while the performance of the other nodes does not.

2.3.4 The Effect of Imperfect Observations

Based on the simulation results of the previous subsection, we conclude that DRQN nodes
can learn the different nodes’ spectral occupancy patterns/behaviors and even reach near-
optimal performance in different complex environments when observing half or even less of
the channels at each time step. We now examine the robustness (tolerance to observation
error) of the DRQN node in complex environments with different observation patterns. In
reality, because of noise and/or other interference, nodes will not receive perfect observations
from the environments. Thus, it is important to understand if imperfect observations of the
environment have a significant impact on the learning nodes.

Here, we still use the same two complex environments which we described previously, but
now there are three different observation error rates: 5%, 10%, and 15%. Different error
rates mean that the learning nodes have corresponding error probability when sensing each
channel at each time step. The ’error’ means that the result of sensing is the opposite of

reality. It should be noted that the errors in sensing are assumed to be i.i.d.
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From Fig. 2.6 and Fig. 2.7, by comparing different error rates, it can be seen that, as
one would expect, sensing errors have a negative impact on the learning rate of the DRQN
node, but the effect is limited. Furthermore, the DRQN node’s performance is robust and
can ultimately achieve near-optimal performance. The reason why the DRQN node has such
robust performance is as follows. First, due to the relatively low error rate, the probability
of multiple channel sensing errors at one step and consecutive sensing errors on the same
channel is low. Therefore, even if the data has a few errors, it will not affect the extraction
and utilization of the previous observation. Second, simultaneously, since experience replay
is also exploited by randomly selecting the memory tuples from the memory box, the proba-
bility of learning erroneous information is also reduced, thereby improving the robustness of
the DRQN node. However, it also should be noted that the robustness of the DRQN node
also has a limit. According to simulations with higher error rates, when the error rate is
greater than 20%), the performance becomes worse and more unstable (the lowest spectrum
utilization rate is about 70%, and the highest collision rate is about 20% ). Moreover, when
the error rate reaches 35%, the performance is no longer acceptable (the lowest full utiliza-
tion rate is about 50%, and the highest result shown in collision rate is about 50% ).
Based on the results of section 4.3.2 and section 2.3.4, we have found that the proposed
DRQN node can learn the patterns of different complex environments with different obser-
vation patterns and give correct predictions. Meanwhile, the proposed DRQN node is also

robust to imperfect feedback.

2.3.5 Multi-Band and Multi-Agent Operation

In this subsection, we still consider two observation rates (50% and 33.3%). Meanwhile, in

order to further examine the performance, our proposed communication environment will
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also be more extreme. In Complex Environment #3, there are eight legacy nodes (#1 to #8)

and two intermittent nodes (#9 and #10). The intermittent nodes have open times which

overlap. Thus, node #9 occupies the channel for 40 steps and is idle for 40 steps, and node

#10 occupies the channel for 20 steps and is idle for 20 steps. Because only the channels

which are occupied by intermittent nodes have idle periods, this scenario also shows that

the DRQN node is able to learn different intermittent nodes at the same time. Further, we

expand the capabilities of the DRQN node by allowing it to transmit on two bands simul-

taneously (i.e., expand the action space). Additionally, to examine the interaction between

learning nodes, we simulate two simultaneous DRQN nodes.

It should be clarified that because the DRQN node can use more than one available chan-
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nel when the system has multiple open channels, the reward of successfully transmitting on
multiple bands is higher than just using one available channel (here, to encourage DRQN
node to use multiple available channels, when DRQN node successfully transmits on multiple
bands, we provide three times the reward). Also, the successful access rate doesn’t provide
a good measure of whether the DRQN node uses all the available channels. Thus, in this
simulation, we plot the spectrum utilization rate, the collision, and the DRQN’s actions. Ob-
viously, since the DRQN has an infinite buffer, the optimal full spectrum utilization rate of
the system should be 100%. From Fig 2.8, it can be seen that, first of all, the performance of
the DRQN node is good. The utilization of the channel (about 96%) can even approach the
optimal performance, but from the collision rate, we see that the DRQN still has some risky
behavior. The reason is that in order to make the channel utilization as high as possible,
the reward for transmitting in multiple bands is much higher than the reward for a collision.
Thus, the DRQN node may try more times on multiple bands to obtain ’high profit’, thus
increasing the collision rate. However, we believe that we can adjust/trade collisions for
spectrum occupancy using the reward structure to improve performance. Meanwhile, since
the behavior of the DRQN node is more complicated than the previous simulation (i.e., it
can select two available channels), we examine its performance with fewer observations (one-
third). By comparison, it can be found that the one-third observation mode’s performance
has a small loss compared to the one-half observation. Although the number of observed
channels is reduced, since the DRQN always has the previous information, its performance
can ultimately reach the same level.

In the second simulation, it should be clarified that the two DRQN nodes have the same
sensing result (observation) and take their actions simultaneously without communicating
with each other. From Fig 2.9, since each node has a 1% exploration rate, the minimum
collision rate is about 2%. The total collision rate in our system is about 4%. The results

show that our DRQN nodes can learn to avoid each other and exploit open channels in this
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multi-agent environment. At the same time, by analyzing the action plots, it can be seen
that although the channel selection results of the DRQN nodes in different runs are different,
they will ultimately focus on one channel and avoid using the other and avoid the ping-pong
effect®. By analyzing the structure of the DRQN, we find that the results are mainly due to
the following: first, although these DRQN nodes have the same structure, the initial weights
of each layer are different (due to random initialization). Second, when using the stochastic
gradient descent algorithm, the 'descent routes’ selected are also different, which leads to
the different final behaviors. Third, the sequential data they use for learning is also different

due to random exploration and the randomness of memory replay.

2.3.6 Dynamic Environment

In this subsection, the DRQN node will be tested in a somewhat more realistic environment
which is dynamic while maintaining a one half observation pattern. In general, the commu-
nication environment is not always static. Therefore, in order to determine whether a DRQN
node can adapt to a dynamic environment, the test environment should be dynamic. Thus,
the proposed environment has five sub-environments. At the beginning, the sub-environment
#1 has one hidden node (#1) and one legacy nodes (#2), three hopping nodes with a dy-
namic channel occupancy pattern of #5H#6HT — HOHTHE — H#THE8HL — H#8HL5H#6 —
#5#64#7 and one intermittent node: #9 (node occupies the channel for 250 consecutive
steps and is idle for 10 consecutive steps). After 40000 time steps, the environment will add
two nodes (sub-environment #2): one legacy nodes (#3) and one intermittent node (#10,
occupies the channel for 250 consecutive steps and is idle for 5 consecutive steps). After

40000 time steps, the environment will add one intermittent node (#4, occupies the channel

3The ’ping-pong effect’ is the situation where nodes frequently exchange their selections
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for 250 consecutive steps and is idle for 12 consecutive steps). At this moment, the environ-
ment would be as same as Complex Environment #1 (sub-environment #3). After 40000
steps, the environment changes to Complex Environment #2 (referred to as sub-environment
#4). After another 40000 time steps, the environment returns to the sub-environment #2.
In the end, the environment will return to its initial state.

According to our previous simulation results, a DRQN node reaches its best performance
after approximately 50000 steps. Because more training time (i.e., more data) makes the
DQRN’s performance better and more robust, in order to make the simulation more general,
we do not give the DRQN node enough training steps to converge. It should be noted that
DRQN node doesn’t know the environmental switch time and the final exploration rate is
about 5%.

Because there is more than one available channel during the entire dynamic environment,
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Figure 2.10: Successful Access Rate and Collision Rate of DRQN in Dynamic Environment

the successful access rate and collision rate will be plotted. Futher, when the environment
changes, these two metrics are reset. From Fig 3.9, it can be seen that: first, the DRQN
node can quickly adapt to the dynamic environment. Meanwhile, comparing the conver-

gence speed in different environments, after the sub-environment #1, the convergence speed
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in following environments is accelerated. In particular, comparing the sub-environments #3
and #4 changes with the results of Complex Environment #1 and #2 (subsection 4.3.2), the
convergence speed is increased by a factor of two or even higher. This not only illustrates
that the DRQN node can deal with a dynamic environment, but also illustrates that pre-
training can improve the learning node’s performance even if pre-training occurs in a simple

environment.

2.3.7 Cache State and Reward Setting

In this work, we assume a fixed-size cache in our learning nodes. In order to utilize the
cache state to improve the throughput, the reward feedback from the environment should
correspond to the state of the cache. Instead of directly inputting the specific value of cache
space, the ’state’ of cache is a more general approach. Thus, we should define the cache
state in advance. It should be clear that different definitions of the cache state may result
in different performances, and it is an issue we will investigate further. Here, we provide our
cache state definition in Table 4.1.

Different cache states have different rewards. Here, because different specific reward values
would influence the performance, we just provide a general reward setting rule along with
what we used in the paper (see Table 4.2).

When the cache state is 0, there are no packets in the cache. Thus, at this moment, 'wait’
is the best choice, and any other action is wrong. When the cache state is 1, the cache
still has enough space to store packets. Thus, the 'wait’ action is neither good nor bad,
and its reward is small or no reward. Meanwhile, because our learning nodes can transmit
on multiple bands, the reward of successful transmission and penalty of a collision should

also vary (Reward and Penalty in the table). When the cache state is 2, compared to 1,
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Table 2.1: Cache State Definition

STATE | 0 1 2
Empty (0,25%size] (25%size,50%size|
STATE | 3 4 5
(50%size,75%size| | (75%size,100%size) | Full

Table 2.2: Reward Setting

Action
State | Wait Success Failure
0 Medium Reward(+50) small Penalty2(-20) | small Penalty2(-20)
1 Small(41) or No reward Reward Penalty
2 No reward or small penaltyl(-1) | Reward Penalty
3 medium penalty1(-20) Reward medium Penalty3
4 medium penalty2(-40) Reward medium Penalty4
5 high penalty(-100) Reward small Penalty3

although the cache space is sufficient, we do not want to 'wait’ often. Therefore, 'wait’ has
no reward, even a minor penalty. When the cache state is 3, the cache space does not have
much room for future packets. Thus, the packets stored in the cache need to be transmitted.
Thus, 'wait’ will have a medium penaltyl. Further, because we want our learning node to
transmit as often as possible, the penalty of a collision is reduced (medium Penalty3). The
cache space is nearly full when the cache state is 4. Although it may have space for packets,
we do not want to 'wait’. Thus, 'wait’ has a higher medium penalty (medium Penalty?2).
Meanwhile, we encourage the learning nodes to take an aggressive approach, which means
the penalty of a collision will be a lower medium penalty (medium Penalty4). When the
cache state is 5, the cache is full. If no packet can be transmitted, it will be discarded, and
the packet drop (loss) rate will increase. Thus, 'wait’ is unacceptable and should incur a
high penalty. Because of the full state, a more aggressive strategy should be taken. Thus,
the penalty for collision is small (small Penalty3). The reward will be discussed more in the

following section.
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Table 2.3: Distribution of stochastic nodes

Prob 0.4 0.3 0.2 0.1
idle 3 4 5 6
transmission 6 8 10 12

2.3.8 Performance in Stochastic Environment (Cache-based)

In the simulation, we will test four different learning nodes and one kind of reactive node in
a stochastic environment. In the environment, there are five available channels, two of them
(#1 and #2) are occupied by fixed nodes. The rest of the channels (#3, #4, and #5) are
occupied by stochastic nodes. The stochastic node has a random combination of idle period
and transmission period, and these two periods are i.i.d. The distribution of the two periods
is shown in Table2.3:

Here, fixed and stochastic nodes are PUs. Thus the learning nodes must learn to use the
idle periods of the stochastic nodes. The stochastic node combines idle and working periods
based on real protocols (WIFI as an example). In WIFI, the standard size range of the packet
is 256-2346 bytes. Here, the learning nodes are SUs, and they can only use the idle period
of PUs that prioritize determining the size of the transmitted packet. Thus, the assumption
that the learning node is restricted to transmitting a small fixed-size packet whenever of
transmit is reasonable (Note: in this paper, the successful transmission duration of an SU is
a one-time step). Due to the range of packet sizes, the ratio of learning nodes’ and stochas-
tic nodes’ times should be from 1 to 0.1. In addition, too long or too short a length of the
PU’s idle duration (used by SU) obviates the need for learning nodes. This is because the
predictive behavior has a high possibility of the collision on the boundary, so learning nodes
cannot learn for brief periods. Meanwhile, very long idle times will make the performance
unrepresentative. Therefore, based on these two considerations, we set the distribution of

the stochastic node in Table 3.1.
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In order to illustrate the performance of the learning nodes, we also include one kind of
reactive node. The reactive node takes action based only on the currently sensed channels
state. For example, when the current channel is occupied, the reactive node will 'wait’ until
the following sensing interval. Conversely, if the current channel is sensed to be idle, the
reactive node will choose to transmit on the channel. Thus, it can be seen that the reactive
node’s collision and wait only occur at the boundary of a channel state change.

It should be noted that all SU nodes can use channels at once. Thus, based on the environ-
ment, the reward corresponds to the number of channels the node successfully uses at one
time. In the paper, the reward per channel is 100, and the penalty per channel is -80 (e.g.
if a node transmits on three channels but one of them experiences a collision, the reward
is 200 — 80 = 120). Further, due to the cache state, there are three different penalties of
collision (medium3, meduim4, and small3). The only difference among these three levels is
the weights: medium3 is 75% of the normal penalty, medium4 is 50% of the normal penalty,
and small3 is 20%. According to the environment, the optimal throughput of SU is approx-
imately 1.42 (1/((1/3)* + C2(1/3)* (2/3) + C(1/3)'(2/3)%)).

First of all, it should be clear that all learning nodes have the same partial observation
pattern, which is observing the channel state at an even time step but taking actions at every
time step. Meanwhile, the reactive node utilizes full observations. In Fig.2.11, we compare
two main performance metrics: throughput and packet drop (loss) rate'. It can be observed
that, under a 50% observation pattern, 1.) Compared to the same learning structure, in-
putting the cache state (DRQN-C and DQN-C) improves the performance; 2.) Different
learning structures have different performances. Comparing the DRQN structure with the
DQN structure, under the same available information, the DRQN structure performs better

than the DQN structure; 3.) Even if the DRQN’s structure node doesn’t use the cache state,

1Tt should be noted that collisions don’t necessarily result in a lost packet. A packet is lost only if a
packet arrives and the cache is full
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the performance is still better than the two types of DQN nodes and the reactive node.
The reason is 1.) Although the four learning nodes share the same reward structure, the
DRQN-C and DQN-C can learn the relationship between the various rewards and the cache
state. Thus, they perform better than the same structure without providing the cache state
(To some degree, the various reward seems to be 'random’ to the node without cache state
information); 2.) As our previous work proved, the DRQN’s structure can utilize the previ-
ous information and make a good prediction of the future channel state. The DQN’structure
can not. 3.) A reactive node always loses some performance at the ’boundary’ of a channel
state change. However, the learning node can learn the pattern of the PUs. Thus, it can
avoid some collisions and decrease 'useless waiting’ to improve performance. To summarize,
the DRQN-C is the best-performing structure for both throughput and packet drop rate.
Thus, we will only compare DRQN-C with the reactive node in the following plots.

In Fig.2.12, we provide the collision rate plots. Here, because the reactive node’s collisions
only occur at the channel state changes from ’idle’ to ’occupied’, its collision rate is a lower
bound without prediction. Comparing the overall collision rate, the DRQN-C node is a little
higher than the reactive node. However, because of the 5% random actions, our node has
some collision with the fixed node (about 3.5%). Thus, in other words, if we only count
the collisions with the stochastic nodes, our DRQN-C performance is the same as or even
better than the reactive node. It can be explained that the DRQN-C can learn the pattern
of stochastic nodes although it is unable to avoid collisions completely due to the random
behavior of the PU (Examining the actions plot, DRQN-C may wait or even avoid taking
actions when it meets the 'boundary’.). The reactive node always the collisions at boundary.

Finally, because we have a fixed size cache, we should examine the cache state as well
as the delay per packet. From Fig.2.13, it can be seen that, except for the DRQN-C, all
of the nodes need a infinite sized cache. Thus, these nodes’ packet drop rate is almost 1.

Meanwhile, due to the finite cache size, the delay plots show that the other four kinds of
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nodes approach are worst cases. The DRQN-C node, however, can maintain a finite delay

by learning the impact of cache state.

2.4 Conclusion

In this chapter, we have considered a general and complex dynamic spectrum access problem
where the system has several PUs dynamically accessing multiple channels and SUs which
have no prior knowledge of the PUs’ behaviors and base spectrum access decisions on partial
observations of the spectrum. We have applied a DRQN approach to find the optimal access
policy via online learning. In an environment with stochastic nodes, we have also exam-
ined the myopic policy which is the optimal access policy when nodes follow a Markov chain
model and the statistical information is known. Moreover, we have considered cache-enabled
DRQN-based secondary DSA nodes where the system has several primary nodes dynamically
accessing multiple channels. Through simulations, we have shown that, although the DRQN
is relatively slow, it is able to achieve nearly the same optimal performance even without
any prior knowledge. Even in more extreme stochastic environments, the DRQN-based SU
can still achieve excellent performance. Further, we examined the DRQN in the presence of
nodes which follow fixed-pattern channel switching. Through simulations, we have shown
the DRQN can achieve nearly optimal performance without any prior knowledge under dif-
ferent observation patterns, while a myopic policy and a DQN can not. We also have shown
that the DRQN is more robust in the presence of imperfect environment observations than
the DQN. Third, by simulating learning nodes in specific environments, we have shown that
the proposed DRQN can use multi-band transmission, accommodate multiple agents, and

its performance is nearly optimal. Furthermore, we have shown that our DRQN can handle
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dynamic environments without any artificial adjustment or prior knowledge. Meanwhile, the
results also suggest that pre-training in a DRQN can improve its performance. Finally, in
the cache-based stochastic environment, we have shown that the DRQN node not only the
spectrum occupancy based on partial observation, but also the benefit of not allowing the
cache size to grow.

However, in the current work, we only learn the access policy under a fixed observation
pattern. This may not be the best use of limited sensing resources and can even result in a
waste of resources. Thus, we would like to extend our approach to predict the most effective
sequence channels to sense (for a specific number of channels). Thus, in the next chapter,

we will extend the DRQN to encompass sensing.



Chapter 3

Optimizing Sensing Strategy for

Improving Dynamic Spectrum Access

As shown in the previous chapter, using DRQNs, we can find excellent sub-optimal or even
near-optimal access (transmission) policies under the fixed sensing/observation patterns.
However, better performance can be achieved in many scenarios. For example, with the
development of wireless communication, more and more small wearable devices need to be
connected to the network. As a small secondary user device, it is difficult to expend a large
amount of energy on channel sensing due to limited power. Therefore, in this chapter, we
focus on a more intelligent observation/sensing approach.

SUs sense one or more frequency bands (channels) to assess whether a band is idle, and
if one is, switch to and use it for an appropriate period. Thus, in order to enable DSA,
SUs should be capable of sensing (the ability to observe and locate spectrum opportunities),
identifying when to transmit (the ability to analyze and characterize these opportunities),
and tolerating errors (the ability to tolerate imperfect observations). In order to overcome
the defects cause by traditional approaches, the combination of sensing with artificial intel-
ligence has been shown to be a promising alternative to simplistic approaches. Obviously,
the more information the SUs obtain, the higher the probability of selecting the optimal
actions. However, due to resource limitations, the nodes may not be able to continuously

monitor all frequency bands in practice. Further, many learning approaches cannot solve

60
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the resulting Partially-Observable Markov Decision Process (POMDP). Thus, in our previ-
ous works [64, 65], by combining a recurrent neural network [55] with a DQN, we have shown
that a DRQN-based technique for making access decisions can make near-optimal decisions
in when making partial observations of the spectrum. However, in order to scan/sense the
entire spectrum during each decision-making cycle, the agents in [64] [65] adopt a fixed ob-
servation pattern. While effective, the fixed observation pattern is in many cases a waste of
resources. For example, if the first half of the channels are occupied a high percentage of the
time, the agents likely should not spend their limited resource to sense them. As a result,
a more flexible approach is desired which can more efficiently use its resources, thus saving
energy.

In this chapter, we focus on dynamic spectrum access in which the SUs acquire knowledge

Update network weight
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determine next channel to sense
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/ current timeslot \
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sensing Choose.Action : (ACK or NACK)
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knowledge, the SUs will select which channel should be sensed and
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ona
details are described in Section IV.B.

Figure 3.1: The structure of one timeslot

from the environment to determine which channels should be sensed in addition to which ac-
tions should be taken at a given time for spectrum access. In contrast to most work applying
machine learning for DSA, our goal is for the agent to learn the optimal (or near-optimal)
sensing pattern (and associated transmission policy) rather than the optimal access action.
Further, we apply a new time-slot structure which is ’sense-decision-action’ (see Fig.3.1) and
is commonly used in studies aimed at examining the Age of Information (Aol) [80][81]. In

general, this is an uncoordinated multi-channel access problem with discrete channels using
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partial observations. In our assumed model, after sensing, each channel has three possible
states (occupied, idle, and unknown). Each PU transmits according to some predetermined
schedule! and is assumed to avoid collisions with other PU’s. Further, the PUs ignore the
activity of the SUs. Thus, each secondary node must sense the spectrum (one or more chan-
nels) and choose a channel to transmit or delay its transmission until later. If the secondary
node chooses to transmit and the selected channel remains idle, the transmission is successful
(i.e., we assume that interference dominates performance). Otherwise, there is a collision,
and the transmission fails. The secondary node is assumed to detect the sensed channel’s
state using an unspecified spectrum sensing approach (e.g., energy detection), although not
necessarily perfectly. Additionally, in order to examine (and improve) delay performance,
we include a packet cache. In practice, it is unacceptable to discard (i.e., drop) many packets
if no channel is available. Therefore, it is necessary to study our partial sensing approach’s
impact on packet delay. It should be noted that the channels are independent and thus
do not provide information about neighboring channels. Further, because the channels can
change between the observation and when the agent takes action, observations do not pro-

vide absolute guidance about the correct action. This is where learning is beneficial.

3.1 Related Work

In the previous chapter (also in [64, 65]), we examined an online learning approach that
combines a recurrent neural network (RNN) with a DQN. The RNN is specifically included
to solve the POMDP problem (i.e., assuming partial observations each timeslot) while not

requiring learning nodes to communicate with a central node or with each other. In that

!Note that the schedule is unknown and thus appears random to the SUs.
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chapter, we showed that a DRQN can successfully handle partial observations. However, one
weakness of that approach is the use of a fixed observation/sensing pattern of a subset of the
channels. The main defect is the inefficient use of the limited sensing resources through a
fixed channel sensing pattern. In other related work [82, 83] use echo state networks (ESNs)
[84] to create a DEQN-based scheme to learn a channel sensing pattern. However, while a
DEQN converges quickly, it generally loses some performance relative to a standard DQN,
as we will show. Due to the use of sparse connections in EQN and DEQN (the input layer’s
unit(s) are sparsely connected to neurons in the reservoir units, and the weights in the reser-
voir units are randomly initialized), the MEQN uses resources less effectively.

In the current chapter, we utilize a DRQN-based approach to learn the optimal (or near-
optimal) sensing policy that chooses one or two channels at each sensing interval to obtain
(imperfect) observations of a small fraction of the available channels. We will show that
we can obtain near-optimal performance with substantially less channel sensing by directing
sensing rather than simply transmitting. Additionally, we show that we can exploit multiple
open channels and control packet delay and drop rate by modifying the reward structure
based on the number of packets in the cache and adding cache information to the DRQN
input. More specifically, in this chapter, we provide the following contributions to the state

of the art:

1. We develop and characterize a DSA approach using a DRQN to drive sensing decisions
that substantially reduce the number of channels that must be sensed each timeslot

with very little loss in performance.

2. We show how relative reward settings can be used to control the behavior of the DSA

approach making it more or less aggressive (trading throughput for collision rate).
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3. We develop and demonstrate an approach that includes cache information so that

packet delay and drop rate can be controlled.

4. We demonstrate that the approach allows for multiple learning agents to be deployed
in the same environment without introducing convergence issues or instability. This
is sometimes termed the “multi-agent problem”. We also demonstrate that the ap-
proach reacts well to changes in the environment and converges quickly, especially if

the environment has been seen previously.

3.2 System Model

3.2.1 Problem Formulation

Before providing the problem formulation, we first clarify the definition of the learning agent
(i.e., the secondary node or SU). An intelligent agent in reinforcement learning [41] interacts
independently with the environment over a sequence of discrete times to accomplish a spe-
cific task. At the time ¢, the agent senses a particular channel and obtains an observation
o; € O of the environment, where O is the set of possible observations (spectrum occupancy
in our case). Upon obtaining the observation, the agent takes a corresponding transmission
action a;, € A,,, where A,, is the set of possible transmission actions (transmission in a
particular channel or waiting, i.e., not transmitting, in our case) based on observation o;. As
a result of the transmission action, the agent receives a reward r,,;. More specifically, the
reward is based on the successful /unsuccessful reception of the transmitted packets or wait-
ing. Consequently, the agent will make a new sensing decision and the environment provides
a new observation o, at time ¢ + 1. It can be understood that the agent (SU) must make

two decisions each time slot: (a) which channel to sense and (b) whether to transmit on a
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given channel or to wait. The two decisions will be based on the Q-values estimated by the
DRQN.

Thus, we consider a dynamic spectrum access scenario with a mesh network of 2N primary
radio nodes, including N transmitters and N receivers. The N primary transmitters choose
to transmit on one of K channels based on their operating mode and traffic load at each
time step. We also assume no duplex collisions (i.e., collisions between up/down transmis-
sions of the same communications link) occur. Collisions only occur when two different
transmitter nodes attempt to occupy the same channel simultaneously. Here, we should
mention that the simulation assumes that the SU receiver is aware that the channel used
by the transmitter has changed, although he does not investigate the specific technique. A
simple (but somewhat impractical) approach is for the receiver to listen on all channels si-
multaneously simply. A more reasonable approach is to have a narrowband control channel
that is used to signal the data channel to be used for subsequent transmissions. We further
assume that the secondary agents have limited resources. Therefore, instead of observing all
channels during each time slot, the agents must learn an optimal sensing strategy as well as
an optimal transmission strategy based on the sensing result (more details are described in
Section 3.2.3). The overall process is represented in Fig.3.1. Thus, in this paper, our goal
is for the agent(s) to learn near-optimal sensing and transmission strategies based on the
assumed timeslot structure and feedback from the environment. Meanwhile, it is assumed
that the state (i.e., channel occupancy) can change at each time step. If the node transmits
and the corresponding channel is idle in that time step, the transmission succeeds, and the
SU receives a positive reward. The result of transmission is assumed to be known using
standard ACK/NACK messages. Due to varying channel quality (i.e., temporal fading), ob-
servations include sensing errors. The reward for successful transmission can be fixed (based
on single-channel transmission) or variable (based on multi-channel transmission). The de-

tails of the exact reward structure are described in Section 3.2.4). As mentioned, nodes
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Table 3.1: Distribution of Type 1 PU Idle and Transmission Periods

Prob 04 0.3 0.2 0.1
length of idle 3 4 5 6
length of transmission 6 8 10 12

can also choose to wait (i.e., not transmit) receiving a small reward (or even a penalty)
in the hopes of receiving a higher future reward (by avoiding collisions). We also apply a
waiting penalty to avoid waiting consecutive time slots. Note that different reward struc-
tures can be used to make nodes exhibit different behaviors (e.g., aggressive, neutral, or
conservative). Ultimately, our goal is to maximize the secondary user’s throughput while
minimizing the impact on the primary user and using as few sensing resources as possible.
The latter goal (minimization of sensing resources) is the primary contribution of the paper.
It is important to note that when using a DRQN, this is accomplished by maximizing the
expected long-term reward, which is the fundamental goal of any Reinforcement Learning
technique. This is specifically accomplished by the proper design of the reward function
along with the action space. The result is that the agent learns intelligent sensing strategies

that maximize resource utilization through the maximization of expected long-term rewards.

3.2.2 Primary User Behavior

In the assumed environment, there are three types of primary user behavior: fixed, Type
I stochastic, and Type II stochastic. A fixed node has the simplest behavior and always
transmits and occupies a constant channel. The Type I stochastic node has random idle
and transmission periods, and these two periods are i.i.d (see Table 3.1). From the table,
we can see that the idle/transmission duration can take on four different values, each with

different probabilities. The assumption of this stochastic PU is based on real-world protocols
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Table 3.2: Types of PUs

Types of PU Function
Fixed Node Occupies one fixed channel at all times
Hidden Node Occupies one fixed channel at all times, but can not be sensed directly

Stochastic Node(Type I) | Occupies one fixed channel, with a probability distribution

Stochastic Node(Type II) | Occupies one fixed channel, with a Markov Transfer Matrix distribution

(e.g., WiFi, which has a typical packet size of 256-2346 bytes. The SUs are agents who
attempt to learn how to use the idle periods of PUs. Thus, the learning nodes will generally
transmit small fixed-size packets whenever the transmission is possible. Since the learning
nodes cannot completely avoid collisions when channels change state, an excessively long or
short idle duration would prevent the need for learning nodes since a very short idle period
mitigates the efficacy of learning while a very long idle time reduces the benefit of learning.
The Type II PU node is described as a two-state Markov chain. This PU type is more
general, and the corresponding transition probability of the two-state Markov chain on the
nth channel is:

P = Poo Pou (3.1)

plo Ph

where, p;; = Pr(statej|state;). In this work, we assume that the pyo = 0.8 and p;; = 0.9.
Thus, the probability of the channel being idle is about 0.333 and the probability of the
channel being occupied is about 0.667 for both Type I and Type II PUs. Finally, we note
that PUs may be “hidden” in that they cannot be sensed by the transmitter although they
can cause interference to the receiver. While a simple “sense-and-avoid” process may not

be able to handle this situation, machine-learning approaches are found to be effective in

detecting such a PU. Overall, here is the Table 3.2 of PUs’ type in the paper.
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3.2.3 Action Space

First of all, we explain the timeslot structure we used here. As shown in Fig. 3.1, each
timeslot is divided into a spectrum sensing period, a data transmission period, and an ACK-
/NACK (feedback) period. In research field of Aol (e.g., in [85] [86] [81]), this timeslot
structure has been widely applied. The advantage of this structure is that it can typically
reduce the collision rate. However, its advantages are based on the assumption that the
sensing performance is accurate and that the environment doesn’t change between sensing
and transmission. But, if there are sensing errors and the environment can change, the SUs
must predict which channels should be sensed and what actions should be taken based on
learned relationships between current observations, actions, and resulting rewards.

Based on the timeslot structure assumed the agent should determine (a) which channel
should be sensed and (b) whether or not to transmit on the corresponding channel based
on the observation. We examine two main approaches to solve the problem. Approach 1
uses a DRQN to determine which channel should be sensed and what transmission action
to take. Thus, the number of ()-values in this approach is 2K since there are K channels
and two transmission actions (transmit or wait). Approach 2 uses the DRQN to predict
only which channel to sense and uses a simple strategy for transmission (if the channel is
occupied, do not transmit, if clear, transmit). Clearly, the first approach is more intelligence.
Nevertheless, training two NNs simultaneously is complex due to the use of online learning
and may not converge quickly. Thus, we apply the second approach in the chapter. Using
Approach 2, our final actions combine two parts: the sensed channel and the corresponding
actions (including transmit, wait, and random). For exploration, both the channel to be
sensed and the resulting action is chosen randomly. Note that the number of simultaneously
sensed channels is a parameter of the SU node. Our initial assumption is that the SU senses

a single channel only. However, we also examine the performance of a DRQN-based SU that
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can sense two channels simultaneously. In this case, more actions are possible since any

combination of the channels could be sensed together.

3.2.4 Reward Structure

In the chapter, we consider two types of reward structures: one that considers the cache
size and one that does not take the cache into account. Here, we first introduce the reward
structure without considering the cache. Based on the ACK/NACK feedback, the initial
reward used is 100 per successful transmission. For a variable rate node that is capable of
transmitting on multiple channels simultaneously, the reward is increased for each successful
transmission across channels (e.g., successfully transmitting on two channels results in a
reward of 200). If the transmission fails, the reward is -50 per channel. Meanwhile, nodes
can also choose to wait (i.e., not transmit) to receive a higher future reward. Because we do
not want nodes to wait too often, the reward for waiting is set to 5 but decreases by 5 for
each consecutive slot where waiting is chosen with a minimum reward of -50.

The reward structure when considering the cache is given in Table 3.4. In order to utilize the
cache state to improve throughput, the reward feedback should correspond to the state of
the cache (see Table 3.3). We define the cache state 0 as the case where there are no packets
in the cache. Thus, in this state, 'wait’ is obviously the best choice, and any other action is
clearly incorrect. Thus, any other action receives a huge penalty of -100. However, the agent
still needs to perform sensing to accumulate knowledge of the environment. Obviously, this
action pattern is not a perfect choice. If there is no packet in the cache, the agent could
choose ’sleep’ to save energy. Nevertheless, it has some influence on the knowledge obtained,
and thus, we choose to sense even if there is not a packet awaiting transmission. We will

add a ’sleep’ mode and the corresponding reward structure in future work. When the cache
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state is 1, the cache still has plenty of space to store packets. Thus, the 'wait’ action is
neither good nor bad, and its reward is small or no reward (initially). However, we do not
want continuous waiting even in this cache state. Thus, to prevent continuous waiting, we
increase the penalty by -5 for each consecutive wait action. Additionally, we assume in this
set of simulations that the learning nodes can transmit simultaneously on multiple bands.
Correspondingly, the reward for successful transmission and the penalty for a collision also
varies directly based on the number of simultaneous transmissions. When the cache state is
2, although there is still available cache space, we do not want to 'wait’ often. Therefore,
'wait’ has no reward (or even a small penalty) and decreases to a medium penalty if there is
waiting in consecutive time slots. When the cache state is 3, the cache space does not have
much room for future packets. Thus, the packets stored in the cache need to be transmitted.
Thus, 'wait” has a medium penalty (-20). Further, because we want our learning node to
transmit as often as possible, the collision penalty is reduced (-80). When the cache state
is 4, the cache space is nearly depleted. Although it may have space for packets, we do not
want to 'wait’. Thus, 'wait’ has a higher penalty (-50). Meanwhile, we encourage the learning
nodes to take an aggressive approach, which results in a lower collision penalty (-40). When
the cache state is 5, the cache is full. If no packet can be transmitted, it will be discarded,
and the packet drop (loss) rate will increase. Thus, 'wait’ is unacceptable and should incur a
high penalty. Because of the full state, a more aggressive strategy needs to be taken. Thus,
the penalty of collision is small (-40). We need to clarify that the reward setting and cache
state we use in the paper is a combination that we think is relatively stable across diverse
environments and scenarios. However, we need to point out that different reward settings

and cache states may lead to different behavior patterns.
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Table 3.3: Cache State Definition

STATE 0 1 2 3 4 5

Cache Occupancy | Empty | (0,25%size] | (25%size,50%size] | (50%size,75%size] | (75%size,100%size) | Full

Table 3.4: Reward Structure when Cache State is Included

Action & Feedback

State | Wait (No feedback) | Transmit (ACK) | Transmit (NACK)
0 +50 -100 -100

1 +5o0r0 +100 -100

2 0 or -5 +100 -100

3 -20 +100 -80

4 -50 +100 -60

5 -100 +100 -40

3.3 Simulation Results

This section investigates the performance of the proposed DRQN node via simulation using
TensorFlow [78]. Here, we assume that all communication environments have 10 discrete
frequency channels. Unlike the DRQN structures in [57, 58, 59, 60], the proposed DRQN
structure (shown in Fig.4.1) has 4 hidden layers: three fully connected layers (each layer
containing 30, 50 and 25 units respectively) and one RNN (40 hidden cells) layer. Note that
fully connected layers are on either side of the single RNN layer. The ReLU (Rectified Linear
Unit) function is used as the activation function and is applied to the fully connected layers.
A mini-batch of experience-tuples are randomly selected from 1000 prior experiences for the
computation of the loss function [40] when updating the weights of the network. Moreover,
the Adam algorithm [79] is used for updating the weights. Finally, an adaptive e greedy
algorithm [40] (initially set to 0.1 and is decreased by 0.00005 every time step until reaching

0.05) is used to trade exploration and exploitation.
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3.3.1 Types of Nodes

In the communication environment, there are several types of nodes assumed:

Fixed node (PU): Occupies one fixed channel at all times.

Hidden node (PU): Occupies one fixed channel at all times, but can not be sensed
directly (e.g., the channel occupied by the hidden node appears to be in the "idle”

state when sensed by the SU).

Stochastic node (PU): Occupies one fixed channel, but transmits based on a specified
probability distribution. In this work, we assume there are two types of stochastic
nodes labeled Type I and Type II based on the specifics of the stochastic behavior as

described in Section 3.2.2.

Reactive node (SU): This is a DSA node that senses all channels and makes a simple
transmission decision. Because a simple reactive node would always collide with a
hidden node, the reactive node initially utilizes a channel occupancy estimation process.
During the first 2000 steps, the reactive node estimates the probability of success for

each channel based on full observations of all channels. If there is no available channel,
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the node waits. Otherwise, it randomly selects one channel on which to transmit.
According to the feedback from environment, it updates the probability of success for
that channel. After the estimation process is over (i.e., after 2000 transmissions), the
reactive node chooses the best channel to sense based on the success probabilities and

transmits if it is idle. It then continues to update the channel success probabilities.

« Myopic node (SU): This is a learning node employing a Myopic policy [25] able to
observe all channels simultaneously ('full observation’), i.e., it is assumed to sense all

channels each transmission interval (examined for comparison purposes).

« DQN node (SU): This is a earning node using standard DQN [77] which is also able
to fully observe all channels each transmission interval (examined for comparison pur-

poses).

o MEQN node (SU): This is a learning node using an MEQN structure with 1-layer and

32 units [82] (examined for comparison purposes).

 Fixed pattern DRQN node (SU): This is a learning node using a DRQN structure for
making transmission decisions with a fixed half-sensing pattern, i.e., it observes an

alternating half of the channels each interval [64] (examined for comparison purposes).

 Flexible pattern DRQN node (SU): The proposed learning node with an enhanced
sensing approach (details are described in Section 4.3.1). Note that there are a few
variations of this structure examined. The first structure chooses a single channel
to observe/sense each transmission time interval ('1-channel’). The second structure
chooses two channels to observe each transmission time interval (’2-channel’). In both
structures the DRQN makes both the sensing decision (which channel(s) to sense) and
the transmission decision (whether or not to transmit based on the sensing result). The

third structure senses a single channel as determined by the DRQN, but uses a simple
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transmission strategy (’simple’) as opposed to allowing the DRQN to also determine

the transmission decision.

It should be emphasized that fixed nodes and stochastic nodes are PUs. Meanwhile, the
myopic node, DQN node, MEQN node and DRQN node are SUs that can use ACK/NAK
information to determine whether or not their transmissions are successful. The flexible
DRQN is the proposed learning approach, whereas the others are examined for comparison
purposes.

Here, we should mention that the simulation assumes that the SU receiver is aware that the
channel used by the transmitter has changed, although it does not investigate the specific
technique. A simple (but somewhat impractical) approach is for the receiver to listen on all
channels simultaneously simply. A more reasonable approach is to have a narrowband con-

trol channel that is used to signal the data channel to be used for subsequent transmissions.

3.3.2 Basic Performance Tests

In the first set of simulations, we conducted three main simulation-based tests: (1) a general
stochastic environment test, (2) a robustness test, and (3) tests to examine the relationship
between reward settings and node behavior. Through these simulations, we found that in
the general stochastic environments, the proposed DRQN node can learn the behavior of
the PUs and make sensing and transmission decisions which result in low collision rates and
near-optimal throughput while sensing significantly fewer channels than previously proposed
approaches. Additionally, we found that through proper adjustment of the reward settings,
the behavior of the DRQN node can be modified to make it more and less aggressive, result-

ing in higher or lower throughput but with an associated higher or lower collision rate.
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In order to illustrate the performance of the proposed approach relative to previously pro-
posed techniques, we compare our proposed flexible sensing DRQN node (both 1-channel
and 2-channel versions) with several previously proposed techniques listed above. We also
examine a “simple” variant of our 1-channel sensing flexible DRQN node. This node uses
a simple action policy for transmission. Specifically, the node has the same proposed NN
structure but has fewer actions available to the NN since the NN makes only the sensing
decision. The transmission decision uses a straightforward strategy: with high probability
(0.95) use the sensed channel information to determine transmission on the sensed channel
(Coccupied’: wait; 'idle’: transmit), and with low probability (0.05) take a random transmis-
sion action. Further, the simple action policy applies the same waiting penalty structure to
avoid continuous waiting. Here, the full-observation pattern DQN node is (near) optimal
and serves as an upper bound on the performance. Additionally, because some stochastic
channels do not follow a Markov transfer matrix, the myopic node in the environments will
count the first 2000 steps to estimate the transfer matrix using full observation of the ten
channels at each time step.

In the first environment, which is examined ( Fig 3.3), there are two hidden nodes (operat-
ing in bands #1 and #5) and three fixed nodes (bands #2 to #4). Further, the environment
also has two Type I stochastic nodes (bands #6 and #7) and three Type II stochastic nodes
(bands #8 through #10). Thus, in this system, the probability that all channels are oc-
cupied is about 13% ((2/3)° ~ 13%). To make our environment more realistic, we assume
the feedback of the environment (i.e., the observation) is imperfect (i.e., the actual channel
occupancy is not equal to the sensing result). The assumed error rate is 5%. However,
observations of the channel(s) occupied by the hidden node always indicate an idle channel,
regardless of the true situation.

Based on the channel idle rate of the overall system, the optimal throughput (successful

transmissions per time slot) is about 0.875 (1 — (2/3)° ~ 0.875). From Fig 3.3, we find
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that the full-observation DRQN can nearly reach this optimal throughput, although it must
sense all ten channels during each observation interval to do so. Further, it can be seen
that the myopic node, despite having full observations of all ten channels, suffers in terms
of performance. The myopic policy is found to be insufficient for this complex environment.
The reason for the sub-optimal performance is two-fold. First, the myopic algorithm needs
to know the specific Markov transfer matrices, which must be estimated. Second, even if
the estimation process is accurate, some scenarios, such as the Type I stochastic nodes, do
not satisfy the assumptions made by the myopic node. Thus, the myopic algorithm does not
have universal applicability. The learning nodes have a clear advantage in this respect.
Further, compared to the fixed sensing nodes, the flexible sensing nodes exhibit a small per-
formance loss. This is because the flexible pattern node always selects the most valuable one
or two channels to sense. In other words, the flexible pattern nodes save substantial sensing
resources while suffering a relatively small performance loss. This would appear to be an ac-
ceptable tradeoff. Meanwhile, the flexible DRQN node’s collision rate (8%) is slightly higher
than the full observation DQN. Here, it should be noted that most of the collisions come
from random selection (i.e., from exploration to avoid sub-optimal performance), while some
collisions also result from imperfect feedback. In the learning stage of single agents, the SU
will affect the performance of the PU to a certain extent. Since, in any given timeslot, the
agent can only collide with one PU, we show the plot of throughput Loss of different kinds
of PUs due to collision with Learning Agent.

As we mentioned before, the collision rate also depends on the reward structure, which we
will examine in more detail shortly. Here, We set the successful transmission reward to be
much higher than the collision penalty to improve channel utilization efficiency. Meanwhile,
the penalty chosen for waiting is also somewhat 'aggressive’. Thus, the DRQN node will
take some risky actions, which causes the collision rate to increase. However, from another

viewpoint, the DRQN node only sacrifices a 5% increase in collision rate while reducing
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the sensing by a factor of ten, which is undoubtedly a worthwhile tradeoff. Comparing the
performance of the two kinds of proposed DRQN nodes, we find that both 1-channel and
2-channel nodes eventually reach nearly the same performance, albeit with different con-
vergence speeds. (The throughput of the 2-channel sensing DRQN node after convergence
is higher by 0.008). However, the 1-channel sensing flexible DRQN node obviously saves
resources. Thus, it is another tradeoff that the agent can select different numbers of chan-
nels for observation. However, it is interesting to note that the DRQN node can learn and
predict the patterns of the various nodes while only observing a single channel if chosen
intelligently.

Comparing the previously proposed MEQN [82] with our proposed DRQN nodes, the
MEQN’s convergence speed is faster as one might expect (the MEQN converges in about
90000 steps, while the DRQN converges at about 170000 steps). However, the performance
of the MEQN is worse than the DRQN after convergence. The reason is that MEQN or
EQN is designed for fast training, but our DRQN with LSTM is designed for near-optimal
performance. Thus, in the presence of specific convergence requirements, the MEQN may

be the better choice, while our proposed approach concentrates more on the final perfor-
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mance. Additionally, examining Fig.3.3, we find that the flexible 1-channel sensing DRQN
node with a simple action policy can achieve almost the same performance level as the full
approach. This may suggest that using a simple action strategy can achieve the same level
of performance with a simpler overall structure since the transmission decision need not be
part of learning but instead left to a simple policy after sensing.

In order to examine this issue further, we compared three learning nodes (1-channel sens-
ing flexible DRQN node, full-observation pattern DQN node, and 1-channel sensing flexible
DRQN node with simple action policy ) in an extreme environment: Channels #1 to #5
contain five hidden nodes, while channels #6 to #9) contain four fixed nodes, and channel
#10 contains a Type II stochastic node. Thus, in this system, the probability that all chan-
nels are simultaneously occupied is about 66%.

In Fig.3.4, we compare the performance of these three learning nodes in this environment.
We can see that our proposed node’s performance is a little worse than the full observation
(albeit with only 10% of the overall channel observations required). Additionally, we find
that the 1-channel DRQN that uses the NN to make transmission decisions is much better
than the simple strategy. In fact, the more sophisticated approach provides not only 50%
higher throughput but also nearly half the collision rate. This is because the more sophisti-
cated learning node predicts which channel should be sensed and the corresponding behavior.
Due to imperfect feedback from the channel and the fact that some nodes are hidden, if there
is only one available channel at a time, the simple strategy is not able to effectively avoid
collisions. However, the more sophisticated 1-channel DRQN node can avoid collisions to a
greater extent. Meanwhile, the full observation DQN node has an easier learning problem
to solve due to the exploitation of a full set of observations. Further, the more channels
sensed simultaneously, the higher the probability that the agent can find an open channel
with reliable observations.

As we mentioned above, the behavior of the learning nodes is strongly affected by the
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reward settings. In Fig.3.5, we examine this issue more carefully. In the plots, there are
three different reward settings: 1). "Aggressive’ (used in the previous simulations); 2). 'Neu-
tral’; 3) ’Conservative’. Among these three settings, the main difference is the relationship
between the penalty and reward. In other words, if the reward (e.g., +100) is much higher
than the penalty (e.g., —50) and has a relatively high penalty for waiting (e.g., —20), the
agent will take more risky actions (i.e., risk more collisions). Thus, it’s behavior is "aggres-
sive”. In contrast, if the reward (e.g., +50) is much lower than the penalty (e.g., —100)
and has a relatively low penalty (e.g., —5) for waiting, its behavior is ”conservative.” The
‘neutral’ is a bit more difficult to choose (This is actually an interesting issue that we plan
to investigate more in the future). If we set the reward equal to the penalty, there are many
more 'wait’ actions than expected. Therefore, in the simulation, we set the reward to be
slightly higher than the penalty and set the penalty for waiting to be between ’aggressive’
and 'conservative’. To this point, we have not developed theoretical relationships to associate
with these behaviors. Instead, these settings are based on experience. In the paper, we use
our judgment based on the desired values of throughput, collision rate, and waiting rate.
Based on the simulation results shown in Fig.3.5, we find that: 1) An ’aggressive’ reward
setting improves the spectrum utilization rate (i.e., increases throughput), but at the cost of
a higher collision rate; 2). A ’conservative’ reward structure provides the lowest collision rate
but increases the rate of 'waiting’, which can be negative; 3). A 'Neutral’ reward structure
provides a middle ground, as we would expect. Thus, it is clear that we can adjust the
ratio of the reward and penalty to meet the relative performance requirements. Here, we
also give more quantitative guidance on choosing the reward structure. The first plot is the
final throughput (and collision rate) v.s. the ratio of the reward (for ACK) to the penalty
(for NACK). In Fig.3.6 (ratios of 0.1,0.25,0.33,0.5,1,2,3,4,10), We can see that collision rate
and throughput both saturate quick after a ratio of 2. Additionally, we also added a plot

of the throughput (and collisions) versus the penalty for waiting (using a 1 : 1 ratio for
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the ACK/NACK reward/penalty.This impact is shown in Fig.3.6. We can see here that the
throughput (and, to a lesser extent, the collision rate) is relatively insensitive to the wait
penalty.

In practical systems, because of noise and/or fading, nodes will not receive perfect feedback
from the environments. Thus, it is meaningful to understand if imperfect feedback from the
environment significantly impacts the performance of the learning nodes. In the simulation,
to test robustness, we test four levels of feedback error: perfect, 5% error rate, 10% error
rate, and 15% error rate. Further, we only test the 1-channel flexible sensing DRQN node
here. It should be noted that the errors in the system of the feedback are assumed to be
ii.d.

In Fig.3.7, we compare the impact of different error rates using the same parameters as in
Fig.3.3. We see that the effect of imperfect feedback is relatively limited for error rates up
to 10%. That is, for error rates less than or equal to 10%, the DRQN node’s performance
is robust and can achieve nearly as good as that of perfect feedback. It is found that even
if the observations have a relatively small number of errors, it does not affect the extraction
and utilization of knowledge. However, it should be stated that the DRQN node’s robust-

ness also has its limits. We see that performance drops significantly at an error rate of 15%.
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Additionally, if the error rate exceeds 20%, the prediction performance becomes significantly
worse and unstable. One way to improve the performance is by increasing the number of
channels sensed simultaneously.

Based on the above simulation results, we conclude that the proposed DRQN nodes can learn
the different nodes’ spectral occupancy patterns/behaviors and correctly determine which
channels should be sensed at the following time slot. Moreover, the performance reaches
near-optimal performance in fairly complex environments. Meanwhile, from the results, we
also conclude that different reward settings determine the general behavior of the node. Fi-
nally, the proposed DRQN nodes have some tolerance in handling imperfect environment
feedback. The reason that the proposed DRQN has such performance is due to the unique
structure of combining the DNN with an LSTM. The structure allows the agent to learn
the environment’s dynamic behavior from its history and makes fairly accurate (although
not perfect) predictions of future behavior, allowing the node to make accurate sensing (and

transmission) decisions.

3.3.3 The Impact of Multiple Learning Nodes

Based on the previous simulations, we conclude that the proposed DRQN node can perform
well in the presence of multiple PUs whose behavior can be learned. In this subsection, we
examine the performance of multiple coexisting agents. This issue is sometimes referred to
as the 'multi-agent problem’ We simplify the problem by examining two coexisting DRQN
nodes. The environment we assumed here is as same as what we use in the previous subsec-
tion. In Fig.3.8 we present the results from three different simulations. In the first, there
are two learning agents, each using one channel for sensing. In the second simulation, we

again include two learning agents in the environment, but each chooses two channels to sense
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at each time slot. From the figure, we find that having two SUs in the environment does
(slightly) impact performance: For two 2-channel SUs, the throughput of each DRQN is
reduced by about 3%. For two 1-channel SUs, throughput is reduced by about 9%. The
collision rate is unchanged compared to previous single-channel learning node simulations.
Meanwhile, in the learning stage of multiple agents, the SU will affect the performance of
the PU to a certain extent. However, our results show that an individual PU will experience
a collision rate that starts below 10% at the beginning of training, drops quickly below 2%
and settles at a value much less than 1% (see Figure 3.8). However, more 'waiting’ occurs
in the multiple-agents scenario and the overall throughput of the SU’s increases. Thus, the
results show that our DRQN nodes can learn to avoid each other while exploiting open chan-
nels in the environment. At the same time, by analyzing the action plots, it can be found
that most of the collisions come from random actions. These random actions stem from
exploration and the penalty for waiting too often. The agents have to make more random
and risky actions instead of ’stable’” actions when a second SU is attempting to occupy open
channels. Another thing that is found is that despite the fact that we use an ’aggressive’
reward setting, the agents in the multiple-agent scenarios tend to ’wait’ more than in the
single SU environment. However, we do find that the agents can learn to exist in the same
environment without causing instability. By analyzing the structure of DRQN, we find that
this fact is mainly due to (1) although these DRQN nodes have the same structure, the
initialization of the weights of each layer are different (randomly initialized); (2) the 'routes’
they select in the stochastic gradient descent algorithm are also different, leading to differ-
ent final behaviors; (3) due to the exploration (random actions) rate and the randomness of
memory replay, the sequential data they use for learning are also different; (4) compared to
the PUs in the environment, the other agent appears more like a type of hidden node. Thus,

the agents prefer more” waiting’ to avoid collisions with the "hidden node’.
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3.3.4 Dynamic Environment

One issue with the use of learning for dynamic spectrum access is that the communication
environment is often not static. In a dynamic environment, the learning agent must con-
tinually learn the new behavior of the environment. Therefore, to determine whether the
proposed DRQN node can adapt to a dynamic environment, the proposed DRQN node was
tested in an environment with changing characteristics. Specifically, we assume that the
overall dynamic environment has five sub-environments. Note that all stochastic nodes in
this study are assumed to be Type II. Initially, the channels are occupied by two hidden
nodes (channels #1 and #b5), three fixed node channels (#2 to #4), and five stochastic
nodes (channels #6 to #10). We name this sub-environment ’env1’. Then, two of the chan-
nels’ patterns exchange: channel #b5 is occupied by a stochastic node, and channel #10 is
occupied by a hidden node. We term this sub-environment ’env2’. Subsequently, four other
channels’ dynamic patterns change: channels #3 and #4 are occupied by stochastic nodes,
but channels #8 and #9 are occupied by fixed nodes (’env3’). After some time, the envi-
ronment changes back to the second environment (’env2’). Finally, the environment returns
to its initial state ("envl’).

From the simulation results of the previous section, the DRQN node typically needs more
than 40000 steps to reach optimal performance. Thus, in this scenario, we set the duration
of each environment to be slightly less than this minimum convergence time. It should be
noted that the DRQN node does not know the environmental switching time or that it will
switch. However, here we set the initial exploration rate to 10%, and using epsilon-greedy,
we reduce the exploration rate to 5%.

Note also that for illustration purposes, in the performance plots, we reset the collision rate
and throughput at each change of environment. From Fig 3.9, it can be seen that: first,

the DRQN node can quickly adapt to the dynamic environment. Meanwhile, comparing
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the convergence speed in different sub-environments, we see that after the first environment
(envl), the speed in convergence rate in the following environments is accelerated. Especially
comparing the speed of the first sub-environment and the last one, as well as the second sub-
environment and fourth one, we find that convergence is much improved when we return to
a sub-environment that has been seen before. This issue illustrates that the DRQN node
can deal with a dynamic environment and hints that pre-training could improve the learning

node’s performance.
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Figure 3.9: Performance in Dynamic Environment

3.3.5 DRQN with Cache Information and Multiple Channel Trans-

mission Capability

In the previous sections, we made two fundamental assumptions: (1) that agents can exploit
only a single channel at a time, and (2) since a new packet arrives during each slot, packets are
dropped if the agent does not transmit. However, dropping such a large number of packets
is unacceptable. Thus, in this section, we will test agents that include (a) a cache (i.e., they
can store packets) and (b) the ability to transmit on more than one channel simultaneously.

This work assumes a fixed cache size of 200 in our learning nodes. Additionally, to utilize the
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cache state as a means to improve the throughput, the reward feedback from the environment
is connected to the cache state. However, instead of directly inputting the specific value of
cache to the DRQN, we define the ’state’ of cache as a more general approach (see Section
3.2.4 and Table 3.3). Clearly, different cache state definitions will lead to slightly different
performance, but the following results are representative.

In the testing environment, we assume the feedback of the environment has a 5% error rate,
and there are ten available independent channels, two of which (#1 and #5) are occupied by
hidden nodes, fixed nodes occupy three channels (#2 to #4), and stochastic nodes occupy
five channels (#6 to #10). Here, since the Type II stochastic node is more general, we only
simulate this kind of stochastic node. In other words, all stochastic nodes in these simulations
are Type II. Further, we will test four different types of learning nodes. In order to illustrate
the performance of the proposed learning nodes, we first test a full observation DQN node
without a cache limit. We examine this node because it can serve as a near-optimal upper
limit. Meanwhile, a DQN with a cache and a DRQN without a cache is also included as a
control group.

It should be noted that all of the SU nodes are capable of transmitting on multiple channels
simultaneously. Correspondingly, the reward is directly related to the number of channels
the node successfully uses at one time. In the section, the reward per channel is 100, and
the penalty per channel is -100 (e.g., if a node transmits on three channels but one of them
experiences a collision, the reward is 200 — 100 = 200). Further, due to the cache state,
a collision has three different penalties. Specifically, we use three fractions of the penalty:
80% of normal penalty, 60% of normal penalty, and 40% as described in Table 3.4.
Initially, due to the ability to transmit on multiple channels, the assumption is that all

learning nodes can select two channels to sense at each time step. Thus, according to the
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environment, the optimal throughput 7, of a SU is approximately 1.41:
1 1 4 1 1 4 5
nr(1xC5;x(1/3) x(2/3)" +2x (1 —C5 x (1/3)" x (2/3)" — (2/3) ) ~1.41) (3.2)

Where C% is the number of combinations of N items taken k at a time. In Fig.3.10
and Fig.3.11, we compare two main performance metrics: throughput and packet drop (loss)
rate?. From the results in Fig 3.10 and 3.11 we can make the following observations about
the performance when delay/cache state is considered: 1.) The full observation DQN has

near-optimal performance and thus fully exploits its knowledge, and is only slightly worse

2Due to the existence of the cache, a lost packet only occurs if a new packet arrives and the cache is full.
Also, a packet is only removed from the cache if it is successfully transmitted.
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than optimal because of the non-zero exploration rate; 2.) Under the same neural network
structure, inputting the cache state improves the performance (DRQN with cache informa-
tion outperforms DRQN without cache information); 3.) The DRQN structure outperforms
the DQN structure with the same available information; 4.) Even if the DRQN node does
not use the cache state, the performance is still better than the DQN with cache information.
Stated another way, in general, we find that (a) because the DRQN with cache input can
determine the relationship between the various rewards and the cache state, it has better per-
formance than the same structure without using the cache state; (b) The DRQN’s structure
can utilize previous information and predict which channel should be sensed at the follow-
ing time step, while the DQN’s structure cannot; (c) Although (based on the throughput
plots) all of the nodes can learn the behavior of PUs to varying degrees and achieve good
throughput, only the DRQN with cache information (and the full-observation DQN) can
effectively reduce the packet drop rate. This means that the DRQN with cache information
can learn the relationship between the cache state and the dynamic rewards and use that
relationship to reduce delay. Without cache information, the nodes only learn to avoid the
PUs without effectively reducing the cache size. However, the DRQN with cache information
avoids collisions while decreasing "useless waiting’ to improve performance. First, compared
to 1-channel sensing DRQN, the 2-channel DQN with cache is very bad. The main reason
is that although the 2-channel DQN with cache information can sense multiple channels, its
ability to predict which channels to sense isn’t outstanding. Our analysis shows that most of
its sensing predictions are poor, leading to a high collision rate. Thus the packet drop rate
is close to 1, and the throughput performance is lower. Therefore, the DRQN-with-cache is
the best-performing structure in terms of both throughput and packet drop rate.

In Fig 3.12, we provide the collision rate plots. Here, because the full observation DQN’s
collisions mostly occur during the exploring process, its collision rate is a lower bound.

Compared to the overall collision rate, the DRQN-cache node is slightly higher than the full
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observation DQN. However, because of the random actions resulting from the exploration
process and the random action which occurs after significant waiting, our node has some
collisions with the fixed node (about 3.5%). Thus, if we only count the collisions with the
stochastic nodes, our DRQN-cache performance is close to the full observation DQN. It is
found that the DRQN-cache can learn the pattern of the stochastic nodes, although it is
unable to completely avoid collisions.

Finally, because we have a fixed-size cache, we also examine the cache state as well as the
delay per packet. According to Fig 3.11, the DRQN without cache information and the DQN
with cache information almost always have a full cache. Thus, the delayed performance of
both learning nodes is not meaningful. Therefore, we only plot DQN with full observation

and DRQN with cache information here. From Fig 3.13, it can be seen that the DRQN-cache
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node can maintain a finite delay by learning the impact of the cache state. The node does
well because it learns to transmit multiple packets when possible to reduce the cache size,
although it can not fully avoid collisions. Thus, combining an appropriate cache state with a
corresponding reward setting can improve the agents’ performance and prevent a high packet

drop rate while maintaining an acceptable throughput and collision rate.

3.4 Conclusion

In the chapter, we have considered a general and complex dynamic spectrum access problem
where the system has several primary nodes dynamically transmitting on specific channels,
and secondary nodes exploit the idle periods based on partial observations of the spectrum
without any prior knowledge of the primary nodes’ behaviors. In the previous chapter, fixed
partial observation patterns were used to obtain knowledge of the environment while a DRL
agent determined the transmission policy. In order to improve resource utilization efficiency,
we used a DRQN to determine the optimal sensing and corresponding action policy via on-
line learning. We showed that the approach achieves near-optimal throughput and collision
rate performance with a fraction of the needed observations/sensing. Moreover, we also
showed that the proposed DRQN node could handle a more general stochastic environment
than a standard myopic policy. Further, the results have shown that the DRQN is robust
when facing imperfect environment feedback. Third, we examined the relationship between
DRQN’s behavior and the reward settings, showing that modifying the relationship between
rewards and penalties can make the node more or less aggressive (i.e., it can trade throughput
for collisions.) The proposed node behaves well in the presence of multiple learning agents

and dynamic environments. Finally, in order to control packet delay and the possibility
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of dropped packets, we introduced cache (or buffer) information into the DRQN input. In
the simulations, we have shown that the proposed DRQN node learns to exploit multiple
available channels in order to reduce the cache size and control packet delay. Further, it was
shown that without cache information, attempting to optimize throughput does not control
packet delay.

In the chapter, we assumed that the learning nodes always had packets to transmit (i.e., an
arrival rate of 1), but, in reality, the number of packets arriving at each time slot follows a
specific distribution. Thus, in future work, we plan to examine various packet arrival rates.
Second, the assumed timeslot structure we applied in the paper has some flaws (e.g., the
requirement of a sensing period every time slot). Thus, in our future work, we will examine
a more general timeslot structure. In such a structure, if the node believes there is will be
no available channel in the next timeslot, it could choose to ‘sleep’ rather than sense. Thus,
in the future, we will also introduce a sleep mode in the DRQN.

Summarizing the work described in the previous two chapters, we have shown that our
proposed DRQN structure can determine a near-optimal access method, no matter the sens-
ing/observation mode used. However, to this point, we have ignored an equally important
issue: learning efficiency, or in other words, how fast the performance converges. In prac-
tical scenarios, it is unacceptable if the user needs to wait too long to obtain acceptable
performance. Thus, in the following chapter, our research will focus on improving learning

efficiency while still maintaining strong performance.



Chapter 4

Accelerating Learning Convergence in

Dynamic Spectrum Access

indent Through the work presented in the first two chapters, we demonstrated that the
proposed DRQN solution could learn policies that achieve near-optimal performance using
different (even optimally small) observation patterns. However, we must also consider prac-
tical indicators aspects. Among them is learning efficiency or, in other words, convergence
speed. For example, in practical scenarios, an approach is untenable if the user-desired needs
to wait an unacceptably long time to get the desired performance. Therefore, in this chapter,
our research focuses on finding solutions that can improve learning efficiency.

Generally speaking, the goal of DSA is to allow secondary users (SUs) (or unlicensed users)
to exploit the idle spectrum resources of the primary user (PU) network in a way that limits
the interference caused to the PUs. In order to enable DSA, SUs should be capable of ‘S.I.T"
- Sensing, Identifying opportunities, and Tolerating errors. Due to the defects of traditional
approaches, we applied DRL to DSA. In the chapter, we focus on convergence speed of our
progressive approach from the previous two chapters. In contrast to most work that has
applied reinforcement learning to DSA, our goal is for the agent to learn a near-optimal
access policy with accelerated convergence. As described in our previous work [64, 65], and
other works [24, 56, 64]), converge speed is a significant but little-studied topic. Therefore,

in this chapter, we mainly focus on how to improve the convergence speed.

94
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As in the previous chapters, we study an uncoordinated multi-channel access problem with
discrete channels under partial observations. In our assumed model, each channel has three
possible states (occupied, idle, and unknown). Fach PU transmits according to some prede-
termined schedule and is assumed to avoid collisions with other PU’s. Meanwhile, the PUs
ignore the activity of the SUs. Further, each SU has to sense/observe some channels and
choose one channel (or possibly multiple channels) on which to transmit or 'wait’ until later.
If the SU chooses to transmit and the selected channel(s) remains idle, the transmission is
successful (i.e., we assume that interference dominates performance). Otherwise, there is a
collision, and the transmission fails. Because of the limited resource, SUs can observe some
channels’ states with imperfect feedback each timeslot instead of all channels. In work, our
provided approaches are mainly from three different perspectives, namely, the learning fre-
quency (parallel learning structures or multiple learning [66]), the inherited learning (general
transfer learning [67, 68]), and the new learning approaches (Meta-learning [69, 70]). At the
same time, it should be noted that the scenarios in which these three different methods can
be used are different. The results demonstrate that three different approaches can accelerate
the converge speed and guarantee the sub-optimal (and even optimal) performance under

partial observation constrain.

4.1 Related Work

Performing dynamic spectrum access with the help of the DRL algorithm is an efficient
method for handling the spectrum management issue for mobile traffic users, and many
methods have been implemented in this research direction so far. In our topic, there are

mainly two key core issues: partial observation and accelerated converge speed. [56] ex-
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amines correlated channels in DSA. However, when channels are correlated, the number of
possible states in the system decreases, reducing the learning difficulty. [59] and [60] provide
a solution that combines an RNN with a DQN to solve such DSA problems and make some
breakthroughs. In [59], the DQN is trained for all users at a single unit (e.g., the cloud)
which means the nodes update their DQN weights by communicating with the central unit.
However, in our problem, the learning nodes are unable to communicate with each other
even through a central unit. Moreover, the assumption of offline training and the number
of channels in [59] are very different than what is considered here. [60] combines a reservoir
computing algorithm (one kind of RNN) with a DQN to solve POMDPs when learning nodes
can’t communicate with each other, but it is not a clear spectrum prediction method, and the
performance could be improved in terms of both convergence speed and collision rate. [87]
classifies distributed-DSA technology and offers an alternative where non-cooperative utility
for dynamic-spectrum-access in a distributed way. [88] described communication between
multi players with each other and the maximization of the shared utility. A DRL-based
spectrum-sensing policy for one user interacting with an external factor as an environment
is described in [56]. The multi-user scenario for this case is considerably different in environ-
mental characteristics, channel utility, and algorithm adopted. Meanwhile, in [89, 90, 91],
all works focus on how to reach the optimal (sub-optimal) related performance. Although
all the mentioned works made some breakthroughs in different issues, few researchers have
made progress on the problem of convergence speed. In order to overcome our second core
issue, we have to consider some other ideas.

In order to speed up the online learning process, the ideas of 'separation’ (divide large tasks
into different smaller tasks), 'sharing’ (share necessary knowledge while maintaining privacy),
and ’combination’ (combine multiple small tasks as needed) is essential. In [92, 93, 94], the
researchers provide lots of promising ideas, such as federated learning and parallel learning.

And in this chapter, we utilize these core ideas to accelerate the online learning process in
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DSA under partial observation. Meanwhile, according to [957 |, Meta-learning is another
potential approach to speed up the learning process in the long term viewpoint. Thus, in
the following work, we will implement these three main methods to accelerate the online

learning converge speed.

4.2 System Model

4.2.1 Problem Formulation

As we stated above, we formulate the problem as follows: our goal is to guarantee the fun-
damental core issue that maximizes reward (throughput) while minimizing collisions. Mean-
while, another core issue is accelerating converge speed. Throughput is directly related to
successful transmissions. Thus, we seek to maximize the number of successful transmissions
while minimizing collisions with a faster converge speed. We do this using Deep Recurrent
Q-learning, which estimates the Q-value of each state-action pair by DRQN [64]. Further,
in order to accelerate the converge speed, the main structure we utilized is DRQN, but at
the same time introduced other structures or methods to achieve the goal, namely, parallel
learning structures or multiple learning, general transfer learning, and Meta-learning.

Thus, we consider a dynamic spectrum access scenario with a mesh network of 2N primary
radio nodes, including N transmitters and N receivers. The N primary transmitters choose
to transmit on one of K channels based on their action pattern. This work describes the

PU node as a two-state Markov chain. This PU type is more general, and the corresponding
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transition probability of the two-state Markov chain on the nth channel is:

P = Poo P61 (4.1)
Plo Pi1

where, p;; = Pr(state;j|state;). In this work, we assume that the ppy = 0.8 and p;; = 0.9.
Thus, the probability of the channel being idle is about 0.333, and the probability of the
channel being occupied is about 0.667. Moreover, we note that PUs may be ‘hidden’ in that
the transmitter cannot observe them, although they can cause interference to the receiver.
We also assume no duplex collisions (i.e., collisions between up/down transmissions of the
same communications link) occur. Collisions only occur when two different transmitter nodes
attempt to occupy the same channel simultaneously. We further assume that the SUs can
only observe some channels’ states due to the limited resource. Thus, in this paper, we aim
for the agent(s) to learn a near-optimal transmission strategy with a faster converge speed.
Meanwhile, because of the dynamic environment, it is assumed that the state (i.e., chan-
nel occupancy) can change at each time step. If the node transmits and the corresponding
channel is idle in that time step, the transmission succeeds, and the SU receives a positive
reward. The result of transmission is assumed to be known using standard ACK/NACK
messages. Due to varying channel quality (i.e., temporal fading), observations include feed-
back errors (imperfect observation error). The reward for successful transmission can be
fixed (based on single-channel transmission) or variable (based on multi-channel transmis-
sion). Meanwhile, SUs can also choose to wait (i.e., not transmit). However, because we do
not want SUs to wait too often or miss available opportunities, we introduce a continuous
waiting penalty mechanism (receiving a small reward in the hopes of receiving a higher future
reward but reduced by waiting consecutive time slots). Ultimately, the goal is to learn a

policy that maximizes the expected long-term reward based on the chosen learning structure.
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4.2.2 Action Space and Reward Structure

Our main problem is faster convergence while guaranteeing optimal or sub-optimal perfor-
mance in dynamic spectrum environments. Therefore, to simplify this problem and consider
the condition of limited energy, the channel is still observed by scanning (only a part of
the channel states are observed each time, but all the channel states will be observed in
a few timeslots). At the same time, multiple rates may be required in some cases, so the
cache and corresponding cache state (see Table 3.3) will also be introduced. In general, the
user’s behavior is mainly reflected in the selection of 1 or 2 channels for communication at
a timeslot. It should be clear that the reward setting and the cache state used in our paper
is what we used in our simulations. Obviously, different reward settings of combinations
and definitions of cache state may lead to different behavior patterns. Thus, the relation
between reward settings with behavior in quantity is a topic worthy of further study.

First, we introduce the reward structure without considering the cache. Based on the ACK-
/NACK feedback, the initial reward is 150 per successful transmission. For a variable rate
node that is capable of transmitting on multiple channels simultaneously, the reward is in-
creased for each successful transmission across channels (e.g., successfully transmitting on
two channels results in a reward of 300). If the transmission fails, the reward is -50 per
channel. Meanwhile, nodes can also choose to wait (i.e., not transmit) to receive a higher
future reward. Because we do not want nodes to wait too often, the reward for waiting is set
to 5 but decreases by 5 for each consecutive slot where waiting is chosen with a minimum
reward of -50.

However, when we talk about the cache, the reward is different and complex. As shown

in Table 3.4. Different cache states have corresponding rewards when they receive different
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Table 4.1: Cache State Definition

STATE | 0 1 2
Empty (0,25%size] (25%size,50%size|
STATE | 3 4 5
(50%size,75%size| | (75%size,100%size) | Full

feedback. When the cache state 0 as the case where there are no packets in the cache. Thus,
in this state, 'wait’ is obviously the best choice, and any other action is clearly incorrect.
Thus, any other action receives a penalty of -100. When the cache state is 1, 2, and 3, due to
the different cache usage rooms, the reward is adjusted by the demand, which is the release
cache state. For example, if the state is 2, although there is still available cache space, we
do not want to 'wait’ often. Therefore, 'wait’ has no reward (or even a small penalty) and
decreases to a medium penalty if there is waiting in consecutive time slots. When the cache
state is 3, the cache space does not have much room for future packets. Thus, the packets
stored in the cache need to be transmitted. Thus, 'wait’ has a medium penalty (-20). Fur-
ther, because we want our learning node to transmit as often as possible, the collision penalty
is reduced (-80). The cache space is nearly depleted when the cache state is 4. Although
it may have space for packets, we do not want to 'wait. Thus, 'wait’ has a higher penalty
(-50). Meanwhile, we encourage the learning nodes to take an aggressive approach, resulting
in a lower collision penalty (-40). When the cache state is 5, the cache is full. If no packet
can be transmitted, it will be discarded, and the packet drop (loss) rate will increase. Thus,
'wait’ is unacceptable and should incur a high penalty. Because of the full state, a more

aggressive strategy needs to be taken. Thus, the penalty of collision is small (-40).
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Table 4.2: Reward Setting

Action
State | Wait Success Failure
0 Medium Reward(+50) Penalty(-100) | Penalty(-100)
1 Small(+1) or No reward Reward Penalty
2 No reward or small penaltyl(-1) | Reward Penalty
3 medium penalty1(-20) Reward medium Penalty3
4 medium penalty2(-40) Reward medium Penalty4
5 high penalty(-100) Reward small Penalty3

4.3 Advanced approaches for Accelerating Learning Pro-

cess and Simulation Results

In this section, we investigates the performance of three advanced approaches for accelerating
the DRQN’s learning process via simulation using TensorFlow [78]. Here, we assume that all
communication environments have 10 discrete frequency channels. And the DRQN structure
we used here is shown in Fig.4.1. The normal size of the DRQN has 4 hidden layers: three
fully connected layers (each layer containing 30, 50 and 25 units respectively) and one RNN
(40 hidden cells) layer. The activation function applied here is ReLU (Rectified Linear Unit)
function. Adam algorithm [79] and mini-batch are used for updating the weights. Finally,
an adaptive e greedy algorithm [40] (initially set to 0.1 and is decreased by 0.00005 every

time step until reaching 0.05) is used to trade exploration and exploitation.

4.3.1 Parallel Learning (Multiple Learning)

Technically, the parallel learning we used here is one kind of distributed learning scheme
that local learners act solely as local data collectors and do not require the global model
through any feedback from the aggregator. Parallel learning can scale up the algorithm and

accelerate the learning period. During the learning process, one available training set (the
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Figure 4.1: The proposed DRQN structure

overall observations in the memory box) at a central parameter server is divided into some
subsets of data (the average number of data samples per learning unit is way larger than
the number of learning unit participating in the training process) and assigned to a group
of learning units (training neural networks). Obviously, the subsets of data have the same
underlying distribution. Subsequently, the training process is performed in parallel, and the
parameters are fed back to the parameter server. This type of learning is performed in data
centers where the worker machines obtain data from shared storage and hence, unlike feder-
ated learning, will end up having samples from the same distribution. After parallel learning,
they also need to 'combine’ the knowledge of the multiple learning units. It is distributed
ensemble learning, also known as committee-based learning, is a learning approach in which
multiple learners are combined to improve the overall performance. In general, the goal of
such learning methods is to learn from a mixture of learning units rather than improving
a global model using a naturally distributed dataset through a federation of local learners
with communication constraints. The overall process is shown in the Fig.4.2.

To illustrate the performance of parallel learning, we design the parameter combinations



4.3. ADVANCED APPROACHES FOR ACCELERATING LEARNING ProOCESsSs AND SiMULATION REsuLT$03

Training

|

|

|

- |

7| Randomly pick |
sants >
— <_| Memory hox : &b

|
TN 2

|
|
parameters I \_//
LN | Averageunit |!

14 | parameters
TN | T I
|

|
Figure 4.2: The Parallel Learning structure

Execution

in Table 4.3. In this work, We mainly consider three factors, the number of neural net-
works, the structure (size) of the neural network, and the frequency of learning (e.g., 1/2
means learning every two timeslots). It is worth noting that the computational complex-
ity of DRQN is mainly reflected in the computational complexity of RNN. Therefore, we
mainly change the overall complexity by adjusting the structure of the RNN. For example,
we roughly think that the RNN with 40 LSTM cells is complex two times that of an RNN
with 20 LSTM cells when the number of DRQN is the same. The testing environment is
a stochastic spectrum environment with ten discrete independent channels. Each channel’s
character follows Markov transfer matrix (as shown in Section 4.2.1). Thus, based on the
probability distribution, the optimal throughput is 0.875. Judging how convergence begins
is a relatively subjective criterion. In this article, we choose 86% of the optimal performance
as the 'converge flag! The reason is that the performance gap will not exceed 10% in any
two timeslots. Meanwhile, the agent is able to choose only one channel or wait for every
timeslot.

From Fig.4.3, it can be seen that under the condition of the same number (four DRQN)
of DRQNs, the higher the learning frequency, the faster the learning speed will converge.

Compared to the agent without PL, the PL agent with four times the computational com-
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Figure 4.3: Throughput and Collision Rate Performance of Parallel Learning
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Table 4.3: Simulation setting of Parallel Learning

Number of NNs Size of NNs Learning Frequency Computation Complexity

1 normal 1 1x (Fig.4.3)
2 normal 1/2 1x (Fig.4.3)
4 normal 1/2 2x (Fig.4.3)
4 normal 1 4x (Fig.4.3)
4 half 1 2x (Fig.4.4)
4 half 1/2 1x (Fig.4.4)
10 half 1 bx (Fig.4.4)

plexity can already achieve two times the convergence speed. Even the PL with two times
the computational complexity can improve the convergence speed to 1.4 times. In addition,
under the same computational complexity (1x complexity), the agent with PL can also have
a certain speedup. Thus, 1. At the same time, the more learning networks, the faster the
convergence speed can be achieved, but the computational complexity brought will also in-
crease; 2. The learning frequency will also affect the learning effect. This is because more
learning structures and higher learning frequencies can obtain more knowledge among units
(and there will be more errors inevitably), but use the equalizer to balance the results of
the overall learning network. To a certain extent, it will dilute the error and never further
improve the learning efficiency.

From Fig.4.4, it can be seen that under the condition of the same size (half DRQN) of
DRQNs, the number of DRQN and learning frequency still have an influence on the con-
verge speed. More interestingly, compared with the green color in the Fig.4.3, under the
same computational complexity (two times), the combination of high learning frequency (red
color in the Fig.4.4) and the small neural network has a faster convergence rate than the
combination of low learning frequency and large neural network. Meanwhile, the ability of
PL to increase the learning rate by adding more NNs has limitations. This is because, in
the case of a fixed environment, after the size of the neural network reaches a certain scale,

the improvement of its learning efficiency is not obvious, but the learning frequency can
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continue to improve the efficiency. Also, more learning networks come with higher compu-
tational complexity, so balancing benefits and expenses in PL is a concern.

To sum up, Parallel Learning is a direct and effective way to accelerate convergence. How-
ever, it has an unavoidable flaw: the computational complexity will increase with the com-
plexity of the task. Moreover, in practical problems, the environment is dynamic. Thus in
the following approaches, we not only need to consider the effect of improving the converge
speed but also consider practical problems such as computational complexity and dynamic

environment.

4.3.2 General Transfer Learning

Transfer learning is a promising method to tackle the issue of converge speed and data
scarcity. Transfer learning aims to improve the training effect of the target domain by trans-
ferring knowledge from different but similar source domains. There are four main transfer
learning: Instance-based, mapping-based, network-based, and adversarial-based. As we men-
tioned, in real-world communication, the system environment is constantly changing, i.e.,
PUs and SUs are always moving in and out of the current environment. For example, if
an SU enters a new environment or the current environment changes, it is unrealistic to
learn the environment from the beginning due to various constraints. Thus, in order to
overcome the emergence of limitations, the capabilities of (deep) transfer learning have been
applied. Those methods can effectively solve the problem that the existing data are not
similar enough for transfer learning. Moreover, those methods can reduce the size of the
target domain data set required by model training and contribute to the rapid convergence
of the target training model [96]. Thus, in the subsection, the approach of general transfer

learning has been applied.
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First, we introduce the simulated system. As shown in Fig.4.5, we separate learning and ex-
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Figure 4.5: The Structure of Parallel Learning
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Figure 4.6: The Structure of Central Unit

ecution. A central unit in the environment is used to have a shared sizeable neural network.
And there is enough space to allocate to the SUs in the environment for storing their data
and training the parameters (as shown in Fig.Fig.4.6). SUs are in different environments,
upload observations (partial observations), and download the corresponding training models.
Of course, in order to make the problem more practical, we introduce two imperfect assump-
tions: 1. Each observed channel is an independent observation error (5%); 2. Uploads and

downloads have a probability of failure(5%). If the failure occurs, the central unit or agent
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will wait until the next serving timeslot. Moreover, each sub-environment changes dynami-
cally (PUs’ state), and when a new SU enters the specific environment, the central unit can
identify the area and transmit the corresponding information. Again, the testing environ-
ment is a stochastic spectrum environment with ten discrete independent channels. Each
channel’s character follows Markov transfer matrix (as shown in Section 4.2.1). Meanwhile,
each channel can be transferred to a legacy action pattern with 10% when the environment
changes. We also introduce the character of hidden nodes (some channels are considered
hidden nodes.). Thus, the throughput performance in the simulation will be replaced by a
successful access rate. Here, it should be clear that, due to the continuous wait penalty,
when the reward of 'wait’ becomes negative, the 'wait’ is considered a failure.

In Fig.4.7, there are three different environments (three independent APs), and three agents.

Agent 2: i i
switch2 . switch3 . switchl
[} [}
: APL i 10 1 1
\ i \ Y T
\ 1 1 1
\ ! 1 1
h N / 1 1
_____ Agent2 | / 06 . .
1 — Sugcessful Access Rate
N . — CoElslon Rate
/ S L 04 1 1
/ e . .
;’ i 3agents can switch their I I
| ! locations 02 i i
'\ ;e Each AP can only serve one . .
A agent 00 — 1

* Imperfect observation and 0 10000 20000 30000 40000 50000 60000
imperfect upload observation . Time (Observations) |
+ 3different environments 1 1

Figure 4.7: Transfer Learning in Stationary environment

We assume that each AP can only serve one agent, three agents can switch their locations,
and the imperfect assumptions. In the environment, the agent will switch their location (for
dynamic propose) with a pattern like 1->2->3->1. To make the research question more
practical, we also introduce 3’ frequencies’:Uploading frequency(1/2, every two timeslots
upload once), downloading frequency(1/4), and training frequency(1/2). A random action

period is needed at the beginning. Due to the location of three agents is relatively fixed,
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thus, we only show one agent’s (agent No.2) performance. From the Fig. 4.7, it can be seen
that when the agent can download the corresponding weights, it can very quick converge
due to the environment is stationary.

However, the first simulation is too simple to illustrate the transfer learning. In Fig.4.8,

Dynamic pattern:

Agent2
Agent2

* Each AP can serve no more than 2 agents
*  Flexible switch pattern

Agent2

time

Figure 4.8: Transfer Learning in Dynamic environment with Multiple Agent

there are three different environments (three independent APs), and three agents. We as-
sume that each AP can serve no more than two agents, agents can switch their locations
(shown in Fig.4.8), and the imperfect assumptions. To make the research question more
practical, we also introduce 3’ frequencies’:Uploading frequency(1/2, every two timeslots
upload once), downloading frequency(1/4), and training frequency(1/2). A random action
period is needed at the beginning. Because the AP can serve multiple agents simultaneously,
the scenarios become complex. Here, we should notice five cases: 1. one ’old’ agent, one
set of trained weights, and one new come. We assume that the new one will download the
weights and update from its own observation with an initial exploring rate; 2. one ’old’
agent, two sets of weights, and a new one comes. We assume that the new one will download
another weight and update from its own observation with an initial exploring rate; 3. no’
old’ agent, no set of weights, two newcomers. We assume that all the new agents learn the

environment with initial exploring rates. And they Upload and download the information
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separately; 4. no’ old’ agent, one set of weights, two newcomers. We assume that all the new
agents download the same weights and learn the environment separately; 5. no’ old’ agent,
two sets of weights, two newcomers. We assume that the agents can download a different
set of weights and update them by observing initial exploring rates. Thus, in the simulation,
we run six cases in which casel runs two times (show in Fig.4.8, black number markers).

From Fig.4.9, We can find that transfer learning can help speed up the learning process
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Figure 4.9: Performance of Transfer Learning in Dynamic environment with Multiple Agent

for a single agent but also help improve the convergence speed in multi-agent situations.
However, another question introduced here is whether we need to repeat the exploration
process if a set of parameters can be downloaded when a SU enters a new environment. In
other words, whether an exploration process in a new environment will improve the overall
performance. Therefore in the following simulation, we will make a comparison, that is, the
performance comparison with and without the exploration process.

In this simulation, our dynamic system environment is a slowly changing process, i.e., ev-
ery period (10000 timeslots), only one channel in the system will change its state, and the
way of change is shown in Fig. 4.10. In the simulation, we mainly compare two different
transfer learning methods: with and without exploration. From Fig.4.11, these two differ-

ent approaches have different characteristics. The transfer learning without an exploration
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Figure 4.11: Performance Comparison of Exploration Process Issue

process has a faster converge speed, but the final performance (within limited timeslots) has
some loss. On the contrary transfer learning with the exploration process has a little slower
converge speed, but the final performance (within limited timeslots) is better. From another
viewpoint, transfer learning with the exploration process may reach the optimal faster in the
long term.

Finally, we explore the information transfer and integration capabilities of transfer learning.
The way transfer learning transmits information is a topic worthy of study. In a large area
covered by an AP, due to the large range and limited energy, the SU can only observe the

state of part of the channel, and the remaining channels will become states of hidden nodes.
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For example, in Fig. 4.12, the area covered by the AP is roughly divided into three parts,
and the observed channel states of each region are different. Suppose agent3 is a new agent,
and its observed information is as shown. At the same time, as a comparison, we prevent
a SU that can observe the entire channel s(no hidden node in the observation result) as a
comparison.

From Fig. 4.13, the left side of the figure is the result of completely autonomous learning by

- ~

. |
e L
e ‘1|1|1|1‘1|1‘1|1‘1|1’\

N,
N,
N,

r?t_all )

%

Figure 4.12: Channel Change Pattern in Exploration Process Issue
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Figure 4.13: Performance Comparison of Exploration Process Issue

the new SU (agent3). Due to the increase in the number of hidden nodes, the final learning

effect will also be affected. However, looking at the figure on the right, two transfer learning
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methods are introduced here: 1. AP randomly passes an existing parameter to agent3, and
then agent3 updates the parameter through its observation results (Asp2 in the figure). 2.
The AP uses the equalizer to integrate (equalize) two sets of existing parameters and pass
them to agent3, and then agent3 updates the parameters (Asw A in the figure) through its
own observations. By comparison, it can be found that transfer learning can improve the
convergence speed compared with fully autonomous learning (As in the figure).The reason
is that although the observable channel states will be different, there are still parts of the
information that are the same, so using the current parameters can save training time on
the same parts. Secondly, using balanced transfer learning can improve the convergence
speed and, even at the same time, the performance is relatively better. This is because, after
the equalization parameters, almost all the state knowledge of the channel is more or less
possessed. In other words, although the signal state information of the partial area will be
‘diluted’ after equalization, these parameters will still contain relevant information to help
new users train.

In general, compared with the previous parallel learning, general transfer learning rapidly
improves the convergence speed while maintaining relatively stable computational complex-
ity and performance. But transfer learning also has some unavoidable problems. The first
is that the ability to improve convergence speed is relatively limited (although the effect of
improvement is rapid). Secondly, because it involves the sharing of some information, in
real scenarios, the privacy of user information may have a negative impact. The last is the
requirement of the network structure that a central unit is required as an interactive transfer
station for necessary information (NN’s weights). Therefore, in the following work, we will
focus on further improving the convergence speed in the long term, which will not be limited

by the network structure like the central unit, and can guarantee users’ privacy.
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4.3.3 Meta-learning

Meta-learning is most commonly understood as learning to learn, which refers to improving
a learning algorithm over multiple learning episodes. In contrast, conventional ML improves
model predictions over multiple data instances. Compared to the base learning (see Fig.
4.14) that one learning algorithm solves one task, meta-learning is an outer (or upper/meta)
algorithm that updates the inner learning algorithm such that the model it learns improves an
outer objective [70]. Thus, meta-learning is achieved by conceptually dividing learning into
two levels: (a) The innermost level by which specific knowledge for specific tasks is acquired
(e.g., fine-tuning an already acquired model for the consideration of a new data set). (b) The
outer-most level we reach to across-task knowledge (e.g., optimization of efficient transfer
between tasks). A meta-learning system should include a learning sub-system. Experience
must be gained by a process that is based on knowledge acquired from metadata, which
has been obtained from previously completed learning tasks. In other words, Meta-learning
is conducted on learning episodes sampled from a task family, leading to a base learning
algorithm that performs well on new tasks sampled from this family.

A common view of meta-learning is to learn a general-purpose learning algorithm that

Machine learning Establish map (f) from training set (X) to labels training set (X) labels set (Y) f (weights for specify task)
set (Y)
Meta learning From multiple tasks (T) and corresponding multiple tasks (T) f F
data (D), built function (F). F can output af for and
new task corresponding
data (D)

Figure 4.14: Comparison for Machine Learning and Meta learning

can generalize across tasks and ideally enable each new task to be learned better than the

last. Thus, such a task is associated with a data set D. The following equation presents the
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optimal parameters of the model:
0" = argg™ Epp(p) [Lo (D)] (4.2)

Here, each data set is considered a subset of data D, divided into a training set 7" and a
forecasting set V. D = (T, V).These two kinds of data set is used for validation and testing.

Thus, Learning how to learn thus becomes:

min F L(D;6) (4.3)
0 Tp(T)

where, L (D;0) is loss function, At same time, it measures the performance of a model trained
using 0 on dataset D. 'How to learn’. p(T) is a distribution of tasks. To solve this problem
in practice, we often assume access to a set of source tasks sampled from p(7"). The source
train and validation datasets are often called support and query sets. The meta-training

step of ’learning how to learn’ can be written as:

0" = arg max logp (0|D) (4.4)

In our proposed work, due to online learning, meta-learning may not fully solve the dynamic
spectrum issue. Thus, we also should combine the DRQN with meta-learning. During the
learning process or meta-learning process, we use Model-Agnostic Meta-Learning (MAML)
[97]. The neural network is trained by using a few examples to adapt the model to new tasks
faster. MAML is a general optimization and task-agnostic algorithm, and it is used to train
the parameters of a model for fast learning with a small number of gradient updates. The
process is shown in Fig. 4.15

First, we perform a basic Meta Learning test, as shown in Fig. 4.16. S indicates that the

state of the channel follows the Markov transfer process. L indicates that the legacy node



4.3. ADVANCED APPROACHES FOR ACCELERATING LEARNING ProOCESs AND SiMuLATION REsuLT$ 17

weight G,
. o[ e ]

- Test Task ~ Support Set

1

I

1

1

i

~ =

,

1

1

\(ﬁi /v weight 6,
Task #m

Repeat (training) \

< > ...... |
Figure 4.15: Diagram of Model-Agnostic Meta-Learning (MAML)

Update meta NN

‘Complex’
777777777777777777777777777777777777777777777777777777777777 —
sl 1=1=1=[=1=] [s[sTs[s[s[s[s[s[sTs [sTsTsTs[s[s[s[s[sTs
_____ ] - DU
6 runs : 6 runs : 6 runs
H ' "
Training Period i Test Period_1 H Test Period_2 (New)
T time
' i
; !
[s[slssl=[s]=]s]¢= [ ; Glslslsl=ls[s[ss15] : [slsls[slsls]s]=]= [s
et 5 I S St 1] L e [
! P
6 runs i 6 runs H 6 runs
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
‘Complex’

Figure 4.16: The Environment of Learning Order Issue

occupies the channel. If there is an L in the picture, which means that every time you run,
there is a random position of S replaced by L. If there are two L in the figure, which means
that every run, there are two S randomly replaced by L. The process at the top of the figure
is that the training is a simple scene, the first test is a simple scene, and the second test
is a complex scene that has not been experienced. Similarly, the process below is just the
opposite. Finally,

From Fig.4.17, meta-learning can accelerate the learning process ’step by step’. Meanwhile,
compared to transfer learning, the ultimate converge speed is much faster, but meta-learning
need enough runs. The reason is that meta-learning is also learning. Thus, it should take
enough training to reach the corresponding stable performance. Second, with the continuous

update of meta-learning, the required convergence time will decrease faster, even when en-
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countering a relatively unfamiliar environment. The reason is that although it is a relatively
unfamiliar environment, meta-learning can learn and extract the corresponding knowledge
and use it in this environment because it still has similar characteristics as before, thereby

further accelerating the learning process.

Another issue worth studying is the symmetry environment. Strictly speaking, the sym-
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Figure 4.18: En\i/ironment of Meta Learniing in Symmetry Issue
metry environment is relatively new to the user because the channel characteristics are
distributed differently. So, in the next test, we will test the symmetry environment. As
shown in Fig.4.17, the test periodl is the symmetry environment of the training period. The
test period?2 is a relatively new environment.
From Fig.4.19, meta-learning can accelerate all learning processes. Meanwhile, the accel-

erating process is faster when the agent meets the symmetry environment. Thus, it gives a
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Figure 4.19: Performance of Meta Learning in Sy:mmetry Issue

very important conclusion. When encountering a large and complex system, choosing the
training environment with symmetry can effectively accelerate the user’s learning and mas-
tery of the entire system, thereby improving learning efficiency.

In the last simulation, we will compare the performance of two different main approaches,
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Figﬁre 4.20: General Dynamic Environment

General Transfer Learning and Meta-learning, in a dynamic environment (shown in Fig.4.20).

From Fig.4.21, general transfer learning can accelerate the learning process faster, but its
performance is worse than meta-learning. Although meta-learning’s acceleration process is
relatively slow, it is continuously accelerating; in other words, meta-learning’s adaptability
to environmental changes will be better. But the time needed to achieve stable performance
is longer. Therefore, in general, both methods are feasible and characteristic. General trans-

fer learning is better if you need to speed up the learning process quickly. But in the long
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Figure 4.21: Performance of General Dynamic Environment

run, meta-learning will be better.

4.4 Conclusion

In this chapter, we considered a general and stochastic dynamic spectrum access problem
where the system has several primary nodes, which follow the Markov transfer matrix, and
secondary nodes exploit the idle periods based on partial observations of the spectrum with-
out any prior knowledge of the primary nodes’ behaviors. In previous chapters, our contri-
bution concentrated on the performance of throughput and collision rate or smart sensing
strategy. However, another issue, the converge speed, we seldom notice. Therefore, in this
work, we mainly focus on finding effective approaches to accelerate the learning process with
guaranteed performance. In work, we find different approaches from three different per-
spectihttps://www.overleaf.com/projectves, namely, the learning frequency (parallel learn-
ing structures or multiple learning), the inherited learning (general transfer learning), and
the new learning approaches (Meta-learning). At the same time, it should be noted that
the scenarios in which these three different methods can be used are different. The results

demonstrate that three different approaches can accelerate the converge speed and guar-
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antee the sub-optimal (and even optimal) performance under partial observation constrain.
According to the simulations, meta-learning is the best choice for accelerating the learning
process overall. But, if the system requires a faster accelerating learning process, general
transfer learning is better. Parallel learning is the most straightforward way to implement
the issue of accelerating learning. However, it needs much more resources for computing and
storage.

It should be noted here that there are still many other ways to speed up the learning pro-
cess, and even meta-learning at the same time, different structures will have different effects.

Therefore, future work is to investigate more efficient solutions.



Chapter 5

Summary and Conclusions

Dynamic Spectrum Access (DSA) has strong potential to address the need for improved
spectrum efficiency. Unfortunately, traditional DSA approaches such as simple "sense-and-
avoid” approaches fail to provide sufficient performance in many scenarios. Thus, the combi-
nation of sensing with deep reinforcement learning (DRL) has been shown to be a promising
alternative to previously proposed simplistic approaches. DRL does not require the explicit
estimation of transition probability matrices or prohibitively large matrix computations, un-
like traditional reinforcement learning methods. Further, since many learning approaches
cannot solve the resulting online Partially-Observable Markov Decision Process (POMDP),
we proposed the use of Deep Recurrent Q-Networks (DRQN) to determine the optimal chan-
nel access policy via online learning. The fundamental goal of this dissertation is to develop
DRL-based solutions to address this POMDP-DSA problem.

Chapter 2 described a DRQN approach to determine an optimal access strategy in complex
dynamic spectrum access scenarios where the system has several PUs dynamically accessing
multiple channels and SUs which have no prior knowledge of the PUs’ behavior. Instead,
SUs base spectrum access decisions on partial observations of the spectrum and a learned
strategy. In an environment with stochastic nodes, we have also examined the myopic policy,
which is the optimal access policy when nodes follow a Markov chain model and the sta-
tistical information is known. Moreover, we have considered a cache-enabled DRQN-based

learning approach. The system has several primary nodes dynamically accessing multiple
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channels. Through simulations, we have shown that, although the DRQN SU is relatively
slow to converge, it is able to achieve nearly optimal performance even without any prior
knowledge. Even in extreme stochastic environments, the DRQN-based SU can still achieve
excellent performance. Further, we examined the DRQN in the presence of nodes that follow
fixed-pattern channel switching.

In chapter 2, our proposed approaches utilize the fixed sensing/observation pattern, which
may not use sensing resources optimally. Thus, Chapter 3 developed a solution that uses
a DRQN to determine the optimal sensing and corresponding transmission policy via online
learning. We showed that the approach achieves near-optimal throughput and collision rate
performance with a fraction of the needed observations/sensing resources. Moreover, we also
showed that the proposed DRQN node could handle a more general stochastic environment,
unlike a standard myopic policy. Further, the results have shown that the DRQN is robust
when facing imperfect feedback from the environment. Third, we examined the relationship
between DRQN’s behavior and the reward settings, showing that modifying the relationship
between rewards and penalties can make the node more or less aggressive (i.e., it can trade
throughput for collisions.) The proposed node behaves well in the presence of multiple learn-
ing agents and dynamic environments. Finally, to control packet delay and the probability
of dropped packets, we introduced cache (or buffer) information into the DRQN input. In
the simulations, we have shown that the proposed DRQN node learns to exploit multiple
available channels in order to reduce the cache size and control packet delay. Further, it was
shown that without cache information, attempting to optimize throughput does not control
packet delay.

In Chapters 2-3, our work concentrated on the performance of throughput and collision rate
and the sensing strategy. However, another important issue, the convergence speed, was not
emphasized. Therefore, in Chapter 4, we focused on finding effective approaches to accelerate

learning without losing performance. In the chapter, we examine three different approaches,
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namely, parallel learning (or multiple learning), inherited learning (general transfer learn-
ing), and meta-learning. At the same time, it should be noted that the scenarios in which
these three different methods can be used are different. The results demonstrate that all
three approaches can accelerate learning (i.e., reduce the convergence time) while providing
near-optimal performance. Based on simulation results, meta-learning is found to be the
best approach for accelerating the learning process from a long-term perspective. However,
in the short-term, if the system requires faster learning, general transfer learning may be
the better option. However, parallel learning is the most straightforward way to implement
accelerated learning, although it needs more resources for computation and storage. Overall,
we feel that meta-learning is the best solution for improving learning efficiency in a dynamic
environment. At the same time, the results also demonstrate that different learning struc-

tures influence the performance of learning efficiency in slightly different ways.
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