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Massive Machine-Type Communication (mMTC) is vital for supporting numerous Internet of
Things (IoT) devices in applications such as smart cities, smart factories, and environmental
sensing. The number of connected devices is projected to reach 34.7 billion by 2028, a significant
increase from the current number. However, available wireless resources are restricted by the
scarcity of radio frequencies, and certain frequency bands must be reserved for human
communication. Consequently, the limited wireless resources must be shared efficiently among an
ever-increasing number of connecting loT devices. This dissertation focuses on enhancing multiple
access control protocols to address the new scaling challenges introduced by mMTC.

Traditional centralized resource allocation methods lead to significant signaling overhead, while
uncoordinated resource contention schemes, which refer to the situation where multiple devices
try to access the same set of wireless resources without coordination, fail to fully utilize the
available bandwidth. We explore distributed learning techniques to improve uncoordinated
resource contention in mMTC networks, proposing two tailored multi-agent learning methods for
two well-known mMTC system models, namely TinyQMIX and MFTTS.

TinyQMIX 1is designed for dynamic channel selection using grant-free random access. It
leverages the distributed decision-making capabilities of multi-agent deep reinforcement learning
to optimize channel usage. In this context, we categorize devices into two groups: those in a regular
state and those in an event-triggered state. Devices in a regular state only need to send simple
status updates at low frequencies. In contrast, those in an event-triggered state must convey more
critical information to a centralized controller due to its higher value, resulting in an increased
transmission rate. We consider a dynamic traffic arrival scenario where the state of each device
changes, hence the distribution of traffic for each device also varies over time.

This work introduces a practical and efficient cooperative multi-agent deep reinforcement
learning algorithm to determine the optimal cooperative channel selection policy for each mMTC
device, ensuring a high average global success transmission rate. Additionally, we modify QMIX,
a popular cooperative multi-agent deep reinforcement learning algorithm, to reduce its
computational complexity, making it easier to implement on IoT devices. TinyQMIX effectively
minimizes transmission delays by enabling devices to independently select optimal channels based
on local observations. Our findings indicate that an effective distributed resource allocation
method can outperform centralized approaches, primarily due to the reduced costs associated with
information exchange with a central controller. Furthermore, our results support the hypothesis
that reinforcement learning can effectively generalize and adapt to new changes when trained on
diverse patterns. Our proposed method achieves performance levels closely aligned with
theoretical performance bounds while maintaining a low computational footprint suitable for
typical IoT devices.

For TinyQMIX, we assume that only a single device can transmit data on one channel at a time,
leading to a high probability of data collisions. Then we address this issue using a recent technique
called unsourced random access, a method that allows all available channels to form a shared
codebook, enabling multiple devices to use the same set of channels without causing data
collisions. Additionally, standard multi-agent learning techniques like QMIX do not scale well as



the number of users increases to thousands, requiring decomposing thousands of devices into
smaller groups. Therefore, we propose a novel approach called Mean-field Transfer Thomson
Sampling (MFTTS) to solve the distributed power control problem in the hybrid Non-Orthogonal
Multiple Access (NOMA) systems in the context of mMTC. MFTTS focuses on distributed power
allocation in unsourced random access scenarios by employing a decentralized approach using
Thompson Sampling, a well-known multi-armed bandit algorithm, to select the optimal power
level for each mMTC device. We demonstrate that as the number of devices in the system increases,
the behavior resembles an average system of ordinary differential equations (ODEs). Our proposed
method, MFTTS, initializes local power selection models based on the convergence behavior of
approximated large-scale networks, which can be obtained by solving the system of ODEs.
MFTTS addresses key requirements of mMTC devices by being decentralized and lightweight
while adaptively minimizing power consumption. We prove and quantify the conditions necessary
for sub-linear regret in the system dynamics, indicating that the system can learn to improve its
power allocation decisions.

In summary, we explored distributed (multi-agent) learning techniques for the wireless resource
allocation problem in mMTC networks. Distributed learning is well-suited for this problem
because knowledge about the network state is inherently distributed among many devices. For
instance, channel conditions and traffic demands are localized within each device. Gathering this
information centrally at the base station consumes more wireless channel resources than deciding
resource selection locally at each device. We proposed TinyQMIX and MFTTS for two widely-
used mMTC system models. While TinyQMIX can adapt better to changes, MFTTS can scale to
accommodate thousands of players or agents.
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