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Optimizing bandwidth utilization, transmission power and transmission latency while guar-

anteeing the quality of service (Qos) is oftentimes the objectives of interests in communi-

cation networks. For example, modern mobile traffic such as online gaming, mobile vir-

tual/augmented reality (VR/AR) requires low latency, transmission power, and occupied

bandwidth for better user experience and less utilized network frequency bandwidth. In this

thesis, a novel bidirectional computation task model is proposed as an important use case

in mobile edge communication networks, e.g., interactive AR/VR gaming service needs to

render the live scene by jointly computing user features such as 3D positions and video data

stored at the cloud server. In the bidirectional computation task model, each task is served

via three mechanisms, i.e., local computing with local caching, local computing without local

caching, and computing at the mobile edge computing server. To minimize the average utilize

bandwidth, we formulate and optimize the joint caching and computing optimization prob-

lem under the latency, cache size and average power constraints. The proposed Lagrangian

Relaxation (LR) plus concave-convex procedure is shown to outperform the baselines such

as greedy algorithm and LR algorithm with simulations.



The obtained allocation policy reduces the communication bandwidth. However, which

resource blocks (RBs) in orthogonal frequency-division multiple access (OFDMA) are occu-

pied by such allocated bandwidth when multiple devices coexist is not yet answered by this

policy, which is currently a challenging topic in both 5G and WiFi. Hence, we are further mo-

tivated to consider the enhanced channel accessing mechanism in the next-generation WiFi

networks and the RB scheduling problem in 5G with ultra-reliability-low-latency communi-

cation (URLLC) requirement. Standardization for recently started IEEE 802.11be (Wi-Fi 7)

Working Groups has focused on significant medium access control layer changes that empha-

size the role of the access point (AP) for coordinating channel access due to the high collision

probability with the distributed coordination function (DCF), especially in dense overlapping

Wi-Fi networks. We propose a novel multi-AP coordination system architecture aided by a

centralized AP controller (APC). Meanwhile, a deep reinforcement learning channel access

(DLCA) protocol is developed to enhance the network throughput by enabling the coordi-

nation of APs. On the other hand, 5G New Radio (NR) is envisioned to efficiently support

both enhanced mobile broadband (eMBB) and URLLC. In 5G NR, URLLC represents the

task files in the application of online gaming and VR/AR with demanding QoS constraints.

From the media access control (MAC) layer scheduling perspective, URLLC traffic has higher

priority than eMBB traffic because URLLC traffic can pre-emptively puncture the existing

eMBB traffic on the time scale of mini-slot to obtain the strict requirements of URLLC

(achieve 99.999% reliability within 1 ms latency). The multiplexing of eMBB and URLLC

traffic in 5G downlink transmission is investigated with the dual objectives of maximizing

eMBB utility like proportional fairness for eMBB users while satisfying URLLC constraints.

The resource allocation problem in each mini-slot is formulated as an integer programming

(IP) with two solutions: 1) convex relaxation; 2) greedy algorithm. The simulation results

show that our algorithms have a higher utility of eMBB users while satisfying the URLLC

users’ latency and reliability requirements than using the basic round robin in 5G standard.
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Chapter 1

INTRODUCTION

1.1 Background

In any communication networks, there are various aspects about transmission power, latency,

bandwidth utilization and etc. The advent of modern mobile traffic, e.g., online gaming,

virtual reality/augmented reality (VR/AR) delivery and etc., incurs ultra-high requirement

on the wireless bandwidth [1], latency, and reliability. For example, the mobile VR delivery

requires the transmission rate on the order of G bit/s [2]. How to optimize the wireless

bandwidth utilization while satisfying user-perceived quality of experience (QoE) becomes

one of the most important concerns of network operators. Mobile edge network that equips

the edge nodes of the mobile network is also expected to deliver packets with low latency

and high reliability. The requirements from applications such as online gaming and VR/AR

all point to state-of-the-art 5G and WiFi technologies that emphasize high communication

speed, low latency, and high reliability.

The benefits of 5G are clear when taking into account the communication speed. Net-

work latency is the time required for a set of data to travel between two communicating

devices, which is much shorter than previous generations of cellular technology. A network

with high latency can be inefficient for online gaming, VR/AR user experience. Latency is

affected by a variety of factors such as the topology of the network, the available bandwidth,

the size of the transmitted data, and etc. 5G enables users to send and download huge

amounts of data in near real time. The design of 5G system intends to have extreme relia-

bility greater than 99.999%, and to be capable of supporting ultra-reliable and low latency

communications (URLLC) with less than 5 ms end-to-end system delay [3]. The URLLC

reliability requirement for transmission of a 32-byte packet is 5× 10−5 with the latency of 5
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ms corresponding to a maximum block error rate (BLER) of 10−5 or 0.001%. The latency1

in WiFi network is normally required to be less than 50 ms [4]. Currently, 5G mobile com-

munication system has been actively investigated all over the world, in order to satisfy the

future expected requirements, such as super high bit rate. Here, one of the approaches is

to utilize the high-SHF (above 6 GHz) and EHF (mainly 30 – 60 GHz) bands [5]. These

bands are very attractive because wider frequency bandwidth is relatively easily obtained.

Moreover, for WiFi networks, the 802.11 standard provides several distinct radio frequency

ranges for use in Wi-Fi communications: 900 MHz, 2.4 GHz, 3.6 GHz, 4.9 GHz, 5 GHz, 5.9

GHz and 60 GHz bands [6]. Although the operating frequency band has been settled for 5G

and Wi-Fi systems, the approach to obtaining the minimum amount of frequency resources

used for communication while maintaining the stringent constraints in 5G and Wi-Fi can is

yet to be proposed. Furthermore, the optimal allocation policy of frequency resources under

the standards of 5G and Wi-Fi is also yet to be proposed.

In this thesis, we consider complicated multi-objective resource allocation problems in

different scenarios (Mobile edge networks, 5G NR, and Wi-Fi). Different chapters highlight

resource allocation with different aspect; that is, with different focus in different communi-

cation networks, we investigate various topics emphasizing different network topology and

constraints. In Chapter 2, we mainly consider a general problem that optimizes the band-

width utilization under the latency, transmission power, computation, and cache constraints

in mobile edge communication networks. In Chapter 3, we take a different resource allocation

problem in 5G NR that aims to multiplex different types of data traffics under the latency

and reliability constraints in 5G standard. In Chapter 4, a new channel accessing method

in Wi-Fi network is proposed that optimizes the network throughput and proportional fair-

ness of multiple Access Points, which follows current Wi-Fi 7 protocol with Access Point

Coordination.

1The WiFi network latency is much longer than 5G system is because it is the last-mile latency in the
Internet, which consumes much more time to deliver the user requested content.
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1.2 Summary of Research Contributions

We proposed a novel bidirectional computation task model for modern communication net-

works. The joint caching and computing policy optimization problem is formulated to mini-

mize the average consumed bandwidth subject to the latency, average power as well as cache

size constraints. Based on the problem structure and convex optimal property, we obtain the

optimal property between caching and computing as well as the consumed minimum band-

width for each task under each service route. Based on the optimal properties, we transform

the problem into a multiple dimensional multiple-choice knapsack problem (MMKP) and

show that the formulated problem is NP-hard in strong sense. In the homogeneous scenario

where the sizes of both the local input data and the remote input data, the output data size,

as well as the computation load are the same for each task and the request probability is

uniformly distributed, we obtain the optimal policy and the closed-form expression for the

minimum average bandwidth. In the heterogeneous scenario, we introduce the Lagrangian

relaxation (LR) method to obtain a suboptimal solution to the original problem. Since

the obtained LR solution is not guaranteed to be feasible, we then formulate an auxiliary

problem using local neighborhood search method based on the LR solution and solve it via

Concave-Convex Procedure (CCCP). Based on the LR solution to the original MMKP and

CCCP solution to the auxiliary problem, we construct the LR+CCCP solution, which is a

feasibility-guaranteed local optimal solution. Our proposed LR-based algorithm is shown

to outperform the baselines including the CCCP method as well as the heuristic greedy

algorithm in terms of both bandwidth performance and time efficiency.

5G New Radio (NR) is envisioned to efficiently support both enhanced mobile broad-

band (eMBB) and ultra-reliable low-latency communication (URLLC). Due to the severe

constraint of URLLC traffic, the time resources used by eMBB are further divided into

mini-slots. From the media access control (MAC) layer scheduling perspective, the resource

allocation occurs on different timescales, and URLLC traffic is pre-emptively overlapped at

the mini-slot timescale to obtain the strict requirements of URLLC (achieve 99.999% reli-
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ability within 1 ms latency). We analyze the multiplexing of eMBB and URLLC traffic in

5G downlink transmission, with the dual objectives of maximizing eMBB utility like pro-

portional fairness for eMBB users while satisfying URLLC constraints. We formulate the

resource allocation problem in each mini-slot as the integer programming (IP) problem with

two solutions: 1) convex relaxation; 2) greedy algorithm. The simulation results show that

our algorithms have a higher utility of eMBB users while satisfying the URLLC users’ latency

and reliability requirements than using basic round robin. The performance comparison be-

tween the two algorithms is extensively studied, and the choice of two algorithms in practice

can be decided by the trade-off analysis investigated in Chapter 3.

Carrier sensing multiple access/collision avoidance (CSMA/CA) is the backbone MAC

protocol for IEEE 802.11 networks. However, tuning the binary exponential back-off (BEB)

mechanism of CSMA/CA in user-dense scenarios so as to maximize aggregate throughput

still remains a practically essential and challenging problem. A novel coordinated multi-AP

architecture and a corresponding channel access mechanism aligning with IEEE 802.11be is

proposed to maximize the aggregate network throughput while preserving fairness among

APs, which is based on the application of deep reinforcement learning (DRL) and First-

Order Model-Agnostic Meta-Learning (FOMAML) in Chapter 4. The proposed method is

named Deep reinforcement learning channel access (DLCA) protocol. A new Monte Carlo

(MC) reward updating method for DRL training is proposed and the access history of each

station is used to derive a DRL-based MAC protocol that improves the network through-

put vis-a-vis the traditional distributed coordination function (DCF). For each AP in the

coordinated multi-AP set, DLCA is deployed to contend for channel access. The first AP

winning the contention gains the TXOP on its primary channel. The FOMAML is then

applied to DLCA to enhance the overall performance. We also develop a greedy algorithm

to maintain PF among APs. Simulation results show that the performance of DLCA pro-

tocol is verified to have strong stability and outperform baselines such as SH-TXOP and

RTS/CTS in terms of the network throughput as well as the network utility in dense over-

lapping Wi-Fi networks. First-Order Model-Agnostic Meta-Learning further enhances the
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network throughput. Subsequently, we also put forward a new greedy algorithm to maintain

proportional fairness (PF) among multiple APs.

1.3 Thesis Outline

The remainder of this thesis is organized as follows. In Chapter 2 of this thesis, we explored

application of Lagrangian Relaxation, Concave Convex Procedure and their combinations for

bandwidth-energy-latency-cache joint resource allocation in mobile edge computing network.

In Chapter 3 of this thesis, we apply greedy algorithm and optimization theory for 5G NR

eMBB and URLLC data multiplexing and fair scheduling. In Chapter 4 of this thesis, we

use deep reinforcement learning to aid channel access in Wi-Fi 7 network with Access Point

Coordination. This thesis includes the material in the author’s previous papers published

on IEEE [7–10]2.

1.4 Conventions and Notations

Throughout this thesis, we use (·)−1, (·)T , (·)∗, (·)H to represent inverse, transpose, conjugate,

and conjugate transpose. x, x, and X denotes the scalar, vector, and matrix respectively.

Tr(•) denotes the trace. ⌈•⌉ and ⌊•⌋ denote integer round up and down.

2In reference to IEEE copyrighted material which is used with permission in this thesis, the IEEE
does not endorse any of University of Washington’s products or services. Internal or personal use of this
material is permitted. If interested in reprinting/republishing IEEE copyrighted material for advertising
or promotional purposes or for creating new collective works for resale or redistribution, please go to
http://www.ieee.org/publications standards/publications/rights/rights link.html to learn how to obtain a
License from RightsLink.
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Chapter 2

BANDWIDTH-ENERGY-LATENCY-CACHE: RESOURCE
ALLOCATION IN MOBILE EDGE COMPUTING

2.1 Motivation

The advent of modern mobile traffic, e.g., online gaming, mobile virtual reality (VR)/augmented

reality (AR) delivery and etc., incurs ultra-high requirement on the wireless bandwidth [1].

For example, the mobile VR delivery requires the transmission rate on the order of G bit/s [2].

In Fig 2.1, mobile device captures frame at T1 and communicate with Access Point (AP) for

data exchange. Then, AP transmits server data back at T3 to the mobile device to render

the live scene at T5, which is very common in most of the applications for better quality.

Data exchange needs wireless bandwidth utilization and normally user experience asks for

low latency; that is, T5−T1 should be small enough. Hence, how to optimize the bandwidth

utilization while satisfying user-perceived quality of experience (QoE) becomes one of the

most important concerns of network operators. In this chapter, we consider a resource allo-

cation problem aiming to optimize bandwidth utilization that can be happen in any 5G or

Wi-Fi network that is constrained by latency, power consumption and mobile device caching

size.

Mobile edge network that equips the edge nodes of the mobile network, e.g., access point

(AP) and the mobile devices, with caching and computing resources is deemed as one of the

most promising approaches to alleviate the bandwidth burden on the mobile carriers [11].

In particular, mobile edge caching indicates proactively storing popular contents into the

network edge nodes to reduce the traffic redundancy and transmission latency [12–14]. Mobile

edge computing (MEC) refers to computing the tasks at the network edge nodes to reduce

the core network burden and the latency [15–21]. How to efficiently utilize the caching and
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Mobile Device Access Point

Capture Frame
𝑇1

𝑇2

Receive Data

𝑇3

𝑇4

Receive Data

𝑇5

Render on the 
Screen

Feedback

Figure 2.1: VR/AR Example

computing resources in the mobile edge networks triggers the research interests from both

the academic and industrial areas [11–13,18–20,22–28].

The computation model in the currently existing literature in MEC can be named as one-

way computation task model. That is, the input data of each computation task is assumed

to be either generated at the mobile device [18–20] or originated from the Internet [22]. In

particular, in [18–20], the mobile device offloads the input data to the AP for computation

and then downloads the output data from the AP. In [22], when the task is computed at

the mobile device, the mobile device has to download the input data from the AP first if

not cached locally and then computes the input data to obtain the output data. Unlike the

existing research on exploiting the MEC to facilitate one-way data computation [18–20,22],

in this chapter, we consider a bidirectional computation task model, where the input data

consists of two parts, one of which is generated from the mobile device (local input data) and

the other of which is originated from the Internet proactively (remote input data). One of the

most directly motivating examples is online role playing game (RPG). Suppose one player

is controlling a role and choosing which place/map to go. The location of the role selected
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by the local player combined with the map information from the AP could help render the

picture for the player after some computations. The input data consists of these generated

at the mobile device including current player equipment selection, strategy selection as well

as role selection, and also those proactively generated from the Internet such as the map

information. This rendering task could be done either at the mobile device or at the AP. If

the task is computed at the AP, the mobile device has to first upload the player’s related

information to the AP, and then the AP computes the task and at last, the mobile device

downloads the computation result from the AP. On the other hand, if the task is computed

at the mobile device, the mobile device has to first download the map information from

the AP and then computes the rendering task. Since the required transmission load and

the computation frequency when computing at the mobile device are different from those

when computing at the AP, the corresponding consumed bandwidth also differs and thus the

computing policy requires careful design.

Besides, the joint design of caching and computing policy is drawing increasing attention

based on the fact that the input data or the output data of the computation task is cacheable.

Resource allocation at the MEC/cloud server has been considered in [23–27]. In particular,

[23] designs optimal computing offloading and caching policy for minimizing the latency

in a hybrid mobile cloud/edge computation system. [24] studies the network-assisted video

rate adaptation problem in an MEC-enabled base station with caching. [25] considers the

joint optimization of task caching and offloading on edge cloud to minimize the energy

consumption. [26] considers the expected latency minimization for each task service under the

cache size constraint in the edge cloud. [27] considers the optimal fine-grained collaborative

offloading strategies with caching-enhancements at the AP to minimize the overall execution

delay of the mobile device. Moreover, all the works in [23–27] consider one-way computation

task model in which the input data of each computation task is generated at the mobile

device. On the other hand, resource allocation at the mobile devices has been considered

in [22,28]. In particular, [22] considers the joint caching and computing policy optimization

to minimize the bandwidth consumption for the mobile VR delivery in a single-user scenario.
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[28] considers the joint design in a multiple-user scenario by taking into account the multicast

opportunity. All the works in [22,28] consider one-way computation task model in which the

input data of each computation task is originated from the Internet proactively.

From above, we can see that the joint caching and computing design for the bidirectional

computation task model to minimize the bandwidth consumption has not been addressed

yet. Still, take the RPG as an example. The history of all the players’ actions could

provide a popularity distribution of the map preferences, e.g., the maps/places the players

mostly like to go to. Based on a-priori knowledge of popularity, the popular maps/places

could be proactively cached at the mobile device to save the consumed bandwidth. Inspired

by this, under the latency, cache size and average power constraints, this paper jointly

optimizes the computing and caching policy to minimize the average wireless bandwidth

consumption for the bidirectional computation task model, and thereby reveals the tradeoff

among communications, computing and caching (3C).

The main contributions of this work are summarized as below.

• A Novel MEC-based System Model. The novelty of the proposed MEC-based system

model lies in the following aspects. First, the computation task is bidirectional, i.e.,

the input data of each computation task consists of the locally generated data and

the proactively generated remote data. As mentioned above, such a computation task

model can be seen in multiple currently existing applications, e.g., online gaming,

mobile VR/AR delivery and etc. Secondly, based on the bidirectional computation

task model, the service mechanism is novel. In particular, each task can be served via

the following three routes: i) local computing with local caching if the remote input data

has been cached at the mobile device and the task is computed at the mobile device;

ii) local computing without local caching if the remote input data has to be delivered

from the AP and the task is computed at the mobile device; iii) MEC computing if the

local input data is uploaded to the AP and the task is computed at the AP. Different

caching and computing policies at the mobile device may incur different bandwidth



10

consumptions, including both the uplink and downlink bandwidth, and thus require

careful design. Last but not least, we take the average sum of the uplink and downlink

consumed bandwidth as the optimization objective and performance metric, which has

not been considered before in such a scenario.

• Problem Formulation. We formulate the joint caching and computing policy optimiza-

tion problem to minimize the average consumed bandwidth subject to the latency,

average power as well as cache size constraints. Based on the problem structure and

convex optimal property, we obtain the optimal property between caching and com-

puting as well as the consumed minimum bandwidth for each task under each service

route. Based on the optimal properties, we transform the problem into a multiple di-

mensional multiple-choice knapsack problem (MMKP) and show that the formulated

problem is NP-hard in strong sense.

• Optimal Policy and Tradeoff Analysis in Homogeneous Scenario. In the homogeneous

scenario where the sizes of both the local input data and the remote input data, the

output data size, as well as the computation load are the same for each task and

the request probability is uniformly distributed, we obtain the optimal policy and the

closed-form expression for the minimum average bandwidth. In this way, we analyze

the 3C tradeoff and find that the 3C tradeoff exhibits different properties in different

computing and caching capability regions.

• Algorithm Design in Heterogeneous Scenario. First, we introduce the Lagrangian relax-

ation (LR) method to obtain a suboptimal solution to the original problem. Since the

obtained LR solution is not guaranteed to be feasible, we then formulate an auxiliary

problem using local neighborhood search method based on the LR solution and solve

it via Concave-Convex Procedure (CCCP). Based on the LR solution to the original

MMKP and CCCP solution to the auxiliary problem, we construct the LR+CCCP

solution, which is a feasibility-guaranteed local optimal solution. Our proposed LR-
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Figure 2.2: System Model

based algorithm is shown to outperform the baselines including the CCCP method as

well as the heuristic greedy algorithm in terms of both bandwidth performance and

time efficiency.

The rest of this chapter is organized as follows. Section II introduces the system model

in terms of the task model, caching and computing model as well as the service mechanism.

Section III formulates the bandwidth minimization problem and analyzes the computation

complexity. The optimal computing and caching policy is obtained for the homogeneous

scenario in Section IV. LR+CCCP algorithm is proposed in Section V to obtain an improved

feasible suboptimal solution. Simulation results are shown in Section VI. In the end, the

conclusion and future work discussion are given in Section VII.

2.2 System Model

As illustrated in Fig 2.2, we consider a mobile edge network consisting of one AP and one

mobile device, both equipped with certain caching and computing abilities. The mobile

device is assumed to request one task at each time. Key notations are summarized in Table

2.1.
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Table 2.1: Key Notations

IDf , ISf Size of the local/remote input data of task f

Of Size of the output data of task f

τ Maximum tolerable service latency

C, P̄ Cache size and the average available power at the mobile device

fD, fS Computation frequency of the mobile device and the AP

wf Required computation cycles per bit

df ∈ {0, 1} df = 1 means that task f is computed at the mobile device and the AP, otherwise

cf ∈ {0, 1} cf = 1 means that the remote input data of task f is cached at the mobile device and not otherwise.

2.2.1 Task Model

Assume that there are F tasks in total to be requested by the mobile device. Denote

with F ∆
= {1, 2, · · · , f, · · · , F} the task set. Each task f ∈ F is characterized by a 5-

item tuple
{
IDf (in bits), ISf (in bits), Of (in bits), wf (in cycles/bit), τ (in seconds)

}
. In

particular, for each task f ∈ F , IDf represents the size of the local input data which is

generated at the mobile device. ISf represents the size of the remote input data which is

originated from the Internet and can be proactively stored. Of represents the size of the

output data. wf and τ denote the required computation cycles per bit and the maximum

tolerable service latency, respectively. Since the input remote data is generated proactively,

the task popularity can be learned based on the request history information. The task

request process at the mobile device is assumed to conform to the independent reference

model (IRM) based on the following assumptions: i) the tasks that the mobile device wants

to request is fixed to the set F ; ii) the probability of the request for task f at the mobile

device, denoted as pf , is constant and
∑F

f=1 pf = 1 [28].

For clarity, take the online RPG as an example. The task space F is constructed according

to the map information, each of which corresponds to the remote input data with size ISf .

The history of all the players’ actions could provide a popularity distribution of the map

preferences, i.e., (pf )f∈F . The player’s pose information at the mobile device corresponds
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to the local input data, the size of which is IDf . Even though corresponding to each map

information, the local input data may vary from time to time, but the size of the pose

information is in general unchanged. The rendered view obtained from combining the player’s

information with the map scenario information corresponds to the output data, the size of

which is Of . The overall latency corresponds to τ .

2.2.2 Caching and Computing Model

First, consider the cache placement at the mobile device. From the above-mentioned task

model, we can see that only caching for the remote input data can be considered.1 Denote

with cf ∈ {0, 1} the caching decision of task f ∈ F , where cf = 1 means that the remote

input data is cached at the mobile device and cf = 0, otherwise. Denote with C (in bits)

the size of the cache space at the mobile device and the caching constraint is given by

F∑
f=1

ISf cf ≤ C. (2.1)

All the remote input data are assumed to be proactively cached at the AP considering the

storage size at the AP is generally large enough.

Next, consider the computing decision at the mobile device. Denote with df ∈ {0, 1}

the computing decision of task f ∈ F , where df = 1 means that task f is computed at the

mobile device and df = 0 means that task f is computed at the AP. Denote with fD (in

cycles/second) the computation frequency of the mobile device and fS (in cycles/second)

the computation frequency of the AP. The energy consumed for computing one cycle with

frequency fD at the mobile device is µf 2
D, where µ is the effective switched capacitance related

to the chip architecture and can indicate the power efficiency of CPU at the mobile device [29].

Denote with P̄ in (W) the average available power at the mobile device. Considering the

AP is in general connected to a power grid, we assume that there is no power constraint at

the AP.

1Since the local input data may be generated in real time and vary with time, we do not consider proactive
computing either at the AP or the mobile device. Then, neither do we consider output data caching.
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2.2.3 Service Mechanism

Based on the joint caching and computing decision
(
c ≜ (cf )f∈F , d ≜ (df )f∈F

)
, each task

f ∈ F can be served via the following three service routes, each of which yields a unique

wireless bandwidth requirement. Denote with Bf,j the minimum wireless bandwidth (in-

cluding both uplink and downlink) required for serving task f via service route j within the

deadline τ .

• Route 1: Local computing with local caching. When df = 1 and cf = 1, the mo-

bile device immediately computes task f based on the locally generated input data and

the locally cached remote input data. The required latency is the computation latency

at the mobile device only, i.e.,
(ISf +IDf )wf

fD
df . For satisfying the latency constraint, we

assume that the computation at the mobile device can be completed by the deadline,

i.e.,
(ISf +IDf )wf

fD
< τ . Since there is no need of transmission, Bf,1 = 0 without loss of

optimality. The energy consumption at the mobile device for task f is the computation

energy only, i.e., µf 2
Dwf

(
IDf + ISf

)
df .

• Route 2: Local computing without local caching. When df = 1 and cf = 0, the

mobile device first downloads the remote input data from the AP and then computes

the task locally. The required latency includes the downlink transmission latency and

the local computation latency, i.e.,( ISf

BD
f log(1 +

PDh2

N0
)
+

(ISf + IDf )wf

fD

)
df (1− cf ) ≤ τ, (2.2)

where BD
f is the downlink bandwidth allocated for the transmission of task f , PD is the

average downlink power spectrum density (PSD) at the AP, h is the channel coefficient

and N0 is the average PSD of the channel noise. In order to satisfy the latency con-

straint (2.2), the minimum required bandwidth Bf,2 = BD
f =

ISf(
τ−

(IS
f
+ID

f
)wf

fD

)
log

(
1+

PDh2

N0

) ,
where BD

f achives the equality of (2.2). The energy consumption at the mobile device

for task f is the computation energy only, i.e., µf 2
Dwf

(
IDf + ISf

)
df .
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• Route 3: MEC computing. When df = 0, the mobile device first uploads the local

input data to the AP. After receiving the data transmitted from the mobile device, the

AP computes task f based on both the local and remote input data from its storage

and then transmits the output data back to the mobile device. The required latency

includes the uplink transmission latency, the computation latency at the AP, and the

downlink transmission latency, i.e.,

( IDf

BU
f log(1 +

PUh2

N0
)
+

(ISf + IDf )wf

fS
+

Of

BD
f log(1 +

PDh2

N0
)

)
(1− df ) ≤ τ, (2.3)

where BU
f is the uplink bandwidth allocated to the mobile device and PU is the average

uplink PSD at the mobile device. For satisfying the latency constraint, we assume that

the computation at the AP can be completed before the deadline, i.e.,
(ISf +IDf )wf

fS
<

τ . In this case, the minimum wireless bandwidth includes both uplink and downlink

bandwidth and is given in Property 1.

Property 1 When df = 0, cf = 0, i.e., xf,3 = 1, Bf,3 =
(
√
a1+
√
a2)2

a3
, where a1 =

IDf

log

(
1+

PUh2

N0

) , a2 = Of

log

(
1+

PDh2

N0

) and a3 = τ − (ISf +IDf )wf

fS
.

Proof 1 Proof of Property 1 can be seen in Appendix A.

The energy consumption at the mobile device for task f is the uplink transmission

energy only, i.e.,
PU IDf

log

(
1+

PUh2

N0

)(1− df ).

From above, denote with x ≜ (xf,j)f∈F ,j∈{1,2,3} ∈ {0, 1}F×3 the service mechanism, where

xf,j = 1 indicates that task f is served via route j, and xf,j = 0, otherwise. The first

service mechanism, i.e., xf,1 = 1, corresponds to the local computing with local caching,

i.e., df = 1, cf = 1. The second service mechanism, i.e., xf,2 = 1, corresponds to the local

computing without caching, i.e., df = 1, cf = 0. The third service mechanism, i.e., xf,3 = 1,
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corresponds to the MEC computing, i.e., df = 0, cf = 0. The cache size constraint (2.1) can

be accordingly rewritten as
F∑

f=1

ISf xf,1 ≤ C. (2.4)

Then, in order to guarantee that each task can be get served, we have

3∑
j=1

xf,j = 1, f ∈ F . (2.5)

The average power consumption P̄ 2 is given by

P̄ = lim
N→∞

1

Nτ

N−1∑
t=0

Et

(a)
=

F∑
f=1

pf

3∑
j=1

Ef,j

τ
xf,j

=
F∑

f=1

pf

(µf 2
Dwf

(
IDf + ISf

)
τ

(xf,1 + xf,2) +
PUI

D
f

τ log
(
1 + PUh2

N0

)xf,3),
where N denotes the number of time slots, Et denotes the energy consumption of the mobile

device at time slot t, equation (a) holds based on the fact that the task request process

conforms to the IRM, and Ef,j denotes the energy consumption of the mobile device when

task f is served via mechanism j. Under the average power budget constraint, we have

F∑
f=1

pf

(µf 2
Dwf

(
IDf + ISf

)
τ

(xf,1 + xf,2) +
PUI

D
f

τ log
(
1 + PUh2

N0

)xf,3) ≤ P̄ . (2.6)

Similarly, the average consumed wireless bandwidth, including both uplink and downlink,

is given by

F∑
f=1

3∑
j=1

pfBf,jxf,j. (2.7)

2The long-term average power consumption constraint can help make sure that the lifetime of the
mobile device battery can last longer and elongate the duration for the mobile user to experience the
application [30].
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Table 2.2: Service Mechanisms and Corresponding Resource Consumption

Service Method df = 1, cf = 1, i.e., xf,1 = 1 df = 1, cf = 0, i.e., xf,2 = 1 df = 0, i.e., xf,3 = 1

Energy cost µff
2
Dwf (I

D
f + ISf ) µff

2
Dwf (I

D
f + ISf )

PU IDf

log

(
1+

PUh2

N2
0

)
Bandwidth cost 0 Bf,2 =

ISf(
τ−

(IS
f
+ID

f
)wf

fD

)
log

(
1+

PDh2

N0

) Bf,3 =
(
√
a1+
√
a2)2

a3

Cache cost ISf 0 0

For clarity, the above-mentioned service mechanisms and the corresponding resource con-

sumption are summarized in Table II. As shown in Table II, compared to route 1, route 2

saves cache cost but consumes more transmission bandwidth (from 0 to Bf,2). Compared

with route 1 and route 2 (i.e., local computation), route 3 does not consume local com-

putation power but transmission power, and the bandwidth cost is different (from Bf,2 to

Bf,3). The choice among route 1, route 2 and route 3 is affected by interplay among the

local transmission power, local computation power, cache cost, and respective bandwidth

cost. From above, the joint computing and caching policy requires careful design.

Remark 1 (Practical implementation) Firstly, the joint caching and computing deci-

sions (c,d) are made offline based on a-priori knowledge of system parameters. Note that

even though the content of local input data might not be always known ahead of time, the

size of local input data is assumed to be known in advance and thus the joint policy can still

be made offline without loss of optimality. Next, the obtained remote input data caching

decision is implemented when the traffic load is relatively low (e.g., nighttime) and then the

cache state at the mobile device remains unchanged. In this way, the transmission cost of

caching is negligible from the long term perspective [12]. The obtained computing decision

table is assumed to be stored at the mobile device. When a user starts using the mobile device,

at each time slot, the task request gets satisfied based on the cache state at the mobile device
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and the computing decision table stored in the mobile device.

2.3 Problem Formulation and Complexity Analysis

2.3.1 Problem Formulation

We formulate the joint caching and computing optimization problem to minimize the average

required bandwidth, including both the uplink and downlink bandwidth, subject to the cache

size, average power and latency constraints, as shown below.

Problem 1 (Joint Caching and Computing Optimization)

min
(xf,j)

f∈F,j∈{1,2,3}

F∑
f=1

3∑
j=1

pfBf,jxf,j

s.t. (2.4), (2.5), (2.6),

xf,j ∈ {0, 1}, j ∈ {1, 2, 3}, f ∈ F .

Denote with x∗≜(x∗f,j)f∈F ,j∈{1,2,3} the optimal solution to Problem 1,
(
c∗≜(c∗f )f∈F ,d

∗≜(d∗f )f∈F

)
the corresponding optimal joint caching and computing policy and B∗ the corresponding op-

timal average bandwidth. Note that c∗ can be directly determined from x∗ according to

Table II.

2.3.2 Computation Complexity

In the following, we show that Problem 1 is NP-hard in strong sense via transforming it into

an MMKP without loss of equivalence, as shown below.
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Problem 2 (Equivalent MMKP Problem)

max
(xf,j)f∈F,j∈{1,2,3}

F∑
f

3∑
j=1

vf,jxf,j

s.t.
F∑

f=1

3∑
j=1

wk
f,jxf,j ≤ Rk, k ∈ {1, 2}, (2.8)

3∑
j=1

xf,j = 1, f ∈ F , (2.9)

xf,j ∈ {0, 1}, f ∈ F , j ∈ {1, 2, 3}, (2.10)

where

af,j ≜


−pfBf,1, j = 1,

−pfBf,2, j = 2,

−pfBf,3, j = 3,

(2.11)

vf,j ≜ af,j + max
{f∈F ,j∈{1,2,3}}

|af,j|, and |·| denotes the absolute value,3

w1
f,j ≜


ISf , j = 1,

0, j = 2,

0, j = 3,

(2.12)

denotes the cache size cost of task f under the j-th choice, and

w2
f,j ≜



pf
µf2

Dwf(IDf +ISf )
τ

, j = 1,

pf
µf2

Dwf(IDf +ISf )
τ

, j = 2,

pf
PU IDf

τ log

(
1+

PUh2

N0

) , j = 3,

(2.13)

denotes the power cost of task f under the j-th choice, R1 ≜ C and R2 ≜ P̄ .

3It is obvious that the optimal policy does not change if we use vf,j instead of af,j which corresponds to
the original problem. But the reason we do such coefficient transformation is that the coefficients have to
be positive for the Lagrangian relaxation algorithm of the MMKP to work [31].
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We can see that Problem 2 is a 3-choice 2-dimensional knapsack problem. In particular,

for each task f ∈ F , the 3-choice corresponds to the above mentioned three service mech-

anisms and the 2-dimension corresponds to the cache size and average power constraints,

respectively. Since MMKP is NP-hard in strong sense, we can conclude that Problem 2 is

NP-hard in strong sense, and so is Problem 1. In addition, the computation complexity of

the MMKP problem is O(3F ), which grows exponentially as the number of tasks F increases.

Hence, the brute-force search method is not practical and we have to design a low-complexity

high-performance algorithm.

2.4 Optimization in Homogeneous Scenario

In this section, for ease of insight illustration, we study the homogeneous scenario in which

each task is assumed to be of the same input data size, output data size, computation load as

well as request probability. The analytic expression for the optimal policy is derived and the

3C tradeoff is analyzed. The numerical results of the homogeneous scenario are implemented

to exemplify the optimal policy and its properties.

2.4.1 Homogeneous Problem Formulation

We consider the homogeneous scenario, i.e., for each task f ∈ F , (Bf,1, Bf,2, Bf,3, I
S
f , I

D
f , Of ,

wf , τ) = (B1, B2, B3, I
S, ID, O, w, τ) and pf = 1

F
. In such a scenario, Problem 2 can be

reformulated as below without loss of equivalence.
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Problem 3 (Optimization in Homogeneous Scenario)

min
(xf,j)

f∈F,j∈{1,2,3}

1

F

F∑
f=1

3∑
j=1

Bjxf,j

s.t. IS
F∑

f=1

xf,1 ≤ C, (2.14)

µf 2
Dw

(
ID + IS

)
τF

F∑
f=1

(xf,1 + xf,2)+

PUI
D

Fτ log
(
1 + PUh2

N0

) F∑
f=1

xf,3 ≤ P̄ , (2.15)

3∑
j=1

xf,j = 1, f ∈ F , (2.16)

xf,j ∈ {0, 1}, j ∈ {1, 2, 3}, f ∈ F .

Denote with Xj ≜
∑F

f=1 xf,j, j ∈ {1, 2, 3} the number of tasks served via the j-th

route. Since each task is independent of each other and homogeneous, given (Xj)j∈{1,2,3},

(xf,j)f∈F ,j∈{1,2,3} can be obtained via

xf,1 =

1 f = 1, · · · , X1,

0 otherwise,

(2.17)

xf,2 =

1 f = X1 + 1, · · · , X1 +X2,

0 otherwise,

(2.18)

xf,3 =

1 f = X1 +X2 + 1, · · · , X1 +X2 +X3,

0 otherwise.

(2.19)

Via replacing (xf,j)f∈F ,j∈{1,2,3} with (Xj)j∈{1,2,3}, Problem 3 can be transformed into Prob-

lem 4 without loss of equivalence.
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Problem 4 (Equivalent Optimization in Homogeneous Scenario)

min
(Xj)j∈{1,2,3}

X1B1 +X2B2 +X3B3 (2.20)

s.t. ISX1 ≤ C, (2.21)

k1(X1 +X2) + k2X3 ≤ P̄ , (2.22)

X1 +X2 +X3 = F, (2.23)

0 ≤ X1 ≤ F, (2.24)

0 ≤ X2 ≤ F, (2.25)

0 ≤ X3 ≤ F, (2.26)

where k1 ≜
µf2

Dw(ID+IS)
τF

and k2 ≜ PU ID

Fτ log

(
1+

PUh2

N0

) represent the average power consumed at

the mobile device of each task for local computing and uplink transmission, respectively.

From Problem 4, we can see that the optimal policy (Xj)j∈{1,2,3} is determined by the

interplay among B1, B2 and B3 as well as the relationship between the local computation

power cost k1 and uplink transmission power cost k2.

2.4.2 Optimal Policy

Theorem 1 (Optimal joint policy when k1 > k2) If B3 > B2, the optimal joint policy is

given as

X1 = min

{⌊
C

IS

⌋
, F,

⌊
P̄ − Fk2
k1 − k2

⌋}
,

X2 = max

{
0,min

{
F,

⌊
P̄ − Fk2
k1 − k2

⌋}
−X1

}
,

X3 = F −X1 −X2,

(2.27)
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where ⌊•⌋ denotes the round-down function. The minimum bandwidth is B2X2 + B3X3. If

B3 ≤ B2, the optimal joint policy is given as

X1 = min

{⌊
C

IS

⌋
, F,

⌊
P̄ − Fk2
k1 − k2

⌋}
,

X2 = 0,

X3 = F −X1.

(2.28)

The minimum bandwidth is B3X3.

Proof 2 [32]

Theorem 2 (Optimal joint policy when k1 ≤ k2) If B3 > B2, the optimal joint policy is

given as

X1 =

⌊
C

IS

⌋
,

X2 = F −X1,

X3 = 0.

(2.29)

The minimum bandwidth is B2X2. If B3 ≤ B2, the optimal joint policy is given as

X1 =

⌊
C

IS

⌋
,

X2 = max

{
0,

⌈
P̄ − Fk2
k1 − k2

⌉
−X1

}
,

X3 = F −X1 −X2.

(2.30)

The minimum bandwidth is given as B2X2 +B3X3.

Proof 3 [32]

2.5 Optimization in Heterogeneous Scenario

In this section, we consider the heterogeneous scenario for the system model, i.e., all the

tasks are of different data sizes, computation loads and request probabilities. The MMKP

problem is firstly solved by the LR method. Based on the LR solution, we formulate an
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auxiliary problem and solve it via CCCP. Next, we propose the LR+CCCP method and

obtains a feasible local optimal solution to the original problem. In the end, we compare

our proposed LR-based methods with the CCCP and the greedy algorithm to present the

advantage of our method in both bandwidth performance and time efficiency.

2.5.1 Lagrangian Relaxation Method

In this subsection, we obtain a suboptimal solution to Problem 2 based on LR method [31].4

Firstly, the LR problem of Problem 2 is formulated via introducing the Lagrangian multipliers

and then relaxing the constraint (2.8) into the objective value of Problem 2, while keeping

the constraints in (2.9) and (2.10) active as below.

Problem 5 (Lagrangian Relaxation Problem)

BLR(λ)≜ max
(xf,j)f∈F,j∈{1,2,3}

F∑
f

3∑
j=1

vf,j(λ)xf,j+
2∑

k=1

λkR
k

s.t. (2.9), (2.10),

where vf,j(λ) ≜ vf,j−
∑2

k=1 λkw
k
f,j and λ ≜ (λ1, λ2) are the introduced Lagrangian multipliers.

Given λ, denote with x∗(λ) ≜
(
x∗f,j(λ)

)
f∈F ,j∈{1,2,3} the optimal solution to Problem 5

and BLR(λ) the maximal objective value of Problem 5. Obviously, x∗(λ) can be obtained as

below. For each f ∈ F ,

x∗f,j(λ) ≜

1, j = argmaxj′∈{1,2,3} vf,j′(λ),

0, otherwise.

(2.31)

That is, for each f ∈ F , the service mechanism with the maximum value of vf,j(λ) is chosen.

In addition, we can observe that the optimal objective value of Problem 5, i.e., BLR(λ), is

an upper bound of the optimal value of the original problem B∗, i.e., BLR(λ) ≥ B∗.

Then, we try to obtain a tighter upper bound of B∗ via minimizing BLR(λ). That is,

4It is noteworthy that the prerequisite of LR method is that any elements of vf,j must be non-negative [31],
and that explains the transformation from af,j to vf,j .
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Problem 6 (Lagrangian Dual Problem)

BLR(λ
∗) ≜ min

λ∈R2
+

BLR(λ),

where λ∗ is the optimal solution to Problem 6.

The optimal Lagrangian multiplier λ∗ can be obtained via solving Problem 6 with sub-

gradient method. In particular, given an initial value λ0 ≜ (λ01, λ
0
2), a sequence {λt} can be

iteratively determined by the following formula:

λt+1
k = max

{
λtk − qtgtk, 0

}
, k ∈ {1, 2}, t ∈ {1, · · · , T}, (2.32)

where gtk ≜ Rk −
∑F

f=1

∑3
j=1w

k
f,jx

∗
f,j(λ

t
k) denotes the subgradient of BLR(λ) at λtk, qt is a

positive scalar step size and can be computed according to

qt =
ϵt(BLR(λ

t)−B′
LR(λ

t))

||gt||2
, (2.33)

where ϵt is a constant such that 0 ≤ ϵt ≤ 2, t ∈ {1, · · · , T}, B′
LR(λ

t) is a lower bound on

BLR(λ
t) and ||gt|| is the l2 norm of gt ≜ (gt1, g

t
2). In this way, λt is guaranteed to converge

to the optimal value λ∗ of Problem 5, i.e., limt→∞ λt = λ∗ [31].

Denote with λ̌ ≜ (λ̌1, λ̌2) the converged value of the Lagrangian multipliers. Given λ̌,

the final policy, named as LR solution and denoted as x̌ ≜ (x̌f,j)f∈F ,j∈{1,2,3}, is obtained from

Equation (2.31).

2.5.2 Auxiliary Problem and the LR+CCCP Method

The solution obtained from the LR method x̌ may not be local optimal or feasible for the

original problem, i.e., Problem 1. In what follows, by combining CCCP and LR, we obtain

a feasible local optimal solution to Problem 1 via formulating an auxiliary problem.

Firstly, given the LR solution x̌, we establish an auxiliary problem of Problem 2 using

local neighbourhood search (LNS) as follows [33]:
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Problem 7 [Auxiliary Problem] Given the LR solution x̌,

max
F∑

f=1

3∑
j=1

v′f,jxf,j

s.t.
F∑

f=1

3∑
j=1

w′kf,jxf,j ≤ R′k, k ∈ {1, 2}, (2.34)

3∑
j=1

xf,j ≤ 1, f ∈ {1, . . . , F}, (2.35)

xf,j ∈ {0, 1}, f ∈ {1, . . . , F}, j ∈ {1, 2, 3}, (2.36)

where for each f ∈ {1, . . . , F}, j ∈ {1, 2, 3}, k ∈ {1, 2},

v′f,j ≜ vf,j − vf,ǰ(f),

w′kf,j ≜ wk
f,j − wk

f,ǰ(f),

R′k = Rk −
F∑

f=1

wk
f,ǰ(f),

with ǰ(f) ≜ argmaxj∈{1,2,3} x̌f,j.

For example, if F = 2, x̌1,1 = 0, x̌1,2 = 1, x̌1,3 = 0, x̌2,1 = 1, x̌2,2 = 0 and x̌2,3 = 0, we

have j(1) = 2, j(2) = 1, v′1,j = v1,j−v1,2, v′2,j = v2,j−v2,1, w′k1,j = wk
1,j−wk

1,2, w
′k
2,j = wk

2,j−wk
2,1

for j ∈ {1, 2, 3}, and R′k = Rk − wk
1,2 − wk

2,1, k ∈ {1, 2}.

Denote with x̂ ≜ (x̂f,j)f∈F ,j∈{1,2,3} a feasible solution to the auxiliary problem, i.e., Prob-

lem 7. Note that even though the auxiliary problem is relatively less complex than the

original MMKP via relaxing the equality constraint (2.9) to the inequality constraint (2.35),

the computation complexity of obtaining the optimal solution to the auxiliary problem via

brute force search is still O(3F ), which increases with F exponentially. Hence, the brute-force

search-based optimal solution is not practical.

Then, based on the LR solution, we utilize CCCP to obtain a local optimum to the

auxiliary problem, i.e., Problem 7, while guaranteeing the feasibility of the solution unless

the original problem is infeasible naturally, as shown below.
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• Rewrite the discrete constraint in (2.36) as the following constraints without loss of

equivalence, i.e.,

xf,j ∈ [0, 1], f ∈ F , j ∈ {1, 2, 3}, (2.37)

F∑
f=1

3∑
j=1

xf,j(1− xf,j) ≤ 0. (2.38)

• Transform Problem 7 into the following problem by penalizing the concave constraint

(2.38) to the objective function, i.e.,

Problem 8 (Penalized Joint Policy Optimization)

min
F∑

f=1

3∑
j=1

−v′f,jxf,j − α
F∑

f=1

3∑
j=1

xf,j(xf,j − 1) (2.39)

s.t. (2.34), (2.35), (2.37),

which is proven to be equivalent to Problem 7 with α ≥ α0 [34], where

α0 ≜ ∑F
f=1

∑3
j=1−vf,jx0f,j − γ

maxx{
∑F

f=1

∑3
j=1 xf,j(xf,j − 1) : (2.34), (2.35), (2.37)}

,
(2.40)

with (x0f,j)f∈F ,j∈{1,2,3} as an initial solution satisfying (2.34),(2.35),(2.37), and γ =

minx{
∑F

f=1

∑3
j=1−v′f,jxf,j : (2.34), (2.35), (2.37)}.

• Solve Problem 8 with the CCCP method based on the fact that Problem 8 is a difference

of convex problem since its objective function is a difference of a linear function, i.e.,∑F
f=1

∑3
j=1−v′f,jxf,j, and a convex function, i.e., α

∑F
f=1

∑3
j=1 xf,j(xf,j − 1), and its

constraints (2.34), (2.35), (2.37) are linear [35]. In particular, CCCP involves iteratively

solving a sequence of linear problems and a local optimum of the auxiliary problem

can be obtained. The initial feasible point of the CCCP can be set as x0f,j = 0, f ∈

F , j ∈ {1, 2, 3}.
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The previous method is the proposed LR+CCCP method. Now, we show how the solution

to the auxiliary problem x̂ improves the Lagrangian solution x̌. The LR+CCCP solution to

the original problem, denoted as x̄ ≜ (x̄f,j)f∈F ,j∈{1,2,3}, is constructed as below:

For each f ∈ {1, · · · , F} and j ∈ {1, 2, 3}, x̄f,j = 1 if one of the following two conditions is

satisfied: (i) x̂f,j = 1 or (ii) x̌f,j = 1 and x̂f,j′ = 0,∀j′ ∈ {1, 2, 3}. x̄f,j = 0, otherwise.

Condition (i) indicates that the exchange between x̌ and x̂ happens for task f while

condition (ii) indicates that no exchange is realized. The overall LR+CCCP method is

shown in Algorithm 1. Next, we analyze the feasibility, optimality and the computation

complexity of the proposed LR+CCCP method. The following two lemmas in [33] guarantee

the feasibility and optimality of the LR+CCCP method.

Lemma 1 x̄ is a feasible solution to the original MMKP Problem 2 if x̂ is a feasible solution

to the auxiliary problem Problem 7.

Lemma 2 x̄ is an optimal solution to the original MMKP Problem 2 if x̂ is an optimal

solution to the auxiliary problem Problem 7.

Since the CCCP method provides a feasible local optimum of the auxiliary problem, we

can observe that the LR+CCCP method provides at least a feasible solution to the original

problem with better performance compared with the LR method based on Lemma 1 and 2.

Remark 2 The computation complexity of brute-force to the original problem is O(3F ). As

for the LR solution x̌ based on subgradient method, the computation complexity is O(F )

from (2.31) and (2.32) at each iteration. Secondly, to obtain the CCCP solution x̂, the

computation complexity is O(F 2) at each iteration.
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Algorithm 1: Lagrangian Relaxation (LR) + Concave-Convex Procedure (CCCP).

Input : (vf,j,w
k
f,j,R

k), f ∈ F , j∈{1, 2, 3}, k∈{1, 2}

Output: x̄

1 x̌f,j = 0, for all f and j, randomly initialize λ01 and λ02, and t = 0;

2 while ||λt+1 − λt||22 <= ϵ1 do

3

qt =
ϵt(BLR(λ

t)−B′
LR(λ

t))

||gt||2
, (2.41)

λt+1
k = max

{
λtk − qtgtk, 0

}
, (2.42)

x̌f,j(λ) ≜

1, j = argmaxj′∈{1,2,3} vf,j′(λ),

0, otherwise.

(2.43)

t = t+ 1;

4 end

5 Formulate the auxiliary problem based on x̌, t = 0, and set x̂ to all zero;

6 while Ot+1 −Ot <= ϵ2 do

7

min
x̂t+1

F∑
f=1

3∑
j=1

−v′f,jx̂t+1
f,j

− α
F∑

f=1

3∑
j=1

(2x̂tf,j − 1)(x̂t+1
f,j − x̂

t
f,j)

s.t. (2.34), (2.35), (2.37),

t = t+ 1

8 end

9 Denote the objective value as Ot+1;

10 Construct x̄ based on x̂ and x̌. If x̄ is infeasible, then conclude the infeasibility of

original problem. Otherwise output x̄ ;



30

2.6 Simulation Result

In this section, we do simulation for the proposed LR+CCCPmethod and compare it with the

heuristic greedy method shown in Algorithm 2, the LR method and the CCCP method with

the initial point obtained from the greedy method. In particular, the system parameters are

chosen as below unless otherwise mentioned. PUh2

N0
= 19.4 dB, PDh2

N0
= 24.67 dB [36], fS = 20

GHz, P̄ = 7.5 W, τ = 0.05 s, µ = 10−27, wf ∼ U [2, 3, 4, 5, 6, 7, 8, 9, 10], IDf ∼ U [1, 2, 3] ∗ 106

bits, ISf ∼ U [1, 2, 3] ∗ 106 bits, OS
f = (ISf + IDf ) ∗ 0.75, F = 800, ϵt = 0.5 and α = 105.

Probability of each task pf is given as pf =
|p′f |∑F

f=1 |p′f |
, where p′f is a random value from the

normal distribution N (0, σ2). The standard deviation σ is set as 1. The uplink transmit PSD

PU = 250 mW
180 KHz

, and the downlink transmit PSD PD = 5 W
180 KHz

. According to 4G standard [37],

resource block has bandwidth of 180 KHz. Transmission power of each RF chain is 250

mW [36].

The computation complexity of the optimal policy via brute-force is O(3F ). When F

is large, the computation complexity of computing the optimal policy is not acceptable.

Therefore, we choose small F = 12 in simulating the performance of the optimal policy via

brute-force. Fig 2.3 illustrates the average bandwidth consumption versus the computation

frequency fD. We can see that the performance of our proposed LR+CCCP is very close to

that of the optimal policy at small F . Moreover, we can see that at small F , our proposed

LR+CCCP still outperforms the other three baselines.

Fig 2.4(a) illustrates the impact of C on B∗. We can see that the proposed LR+CCCP

method outperforms the three baselines. Define the bandwidth gain of each policy as
B∗

greedy−B
∗
policy

B∗
greedy

. At C = 700 Mbits, the bandwidth gains of the LR+CCCP method, the

greedy algorithm, CCCP, as well as the LR method, are 29%, 0%, 21% and 24%, respec-

tively. Fig 2.4(b) illustrates the impact of fD on B∗. We can observe that at the beginning,

as fD increases, the average bandwidth consumption decreases. This is because when fD is

relatively small, increasing fD mainly reduces the latency for computing at the mobile device

and thus more tasks will be allocated for local computation. When fD is relatively large, the
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Figure 2.3: Impact of fD on B∗, C = 20 Mbits, P̄ = 7.5 W, τ = 0.02 s, F = 12, σ = 1.
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Figure 2.4: Impact of C and fD on B∗

average bandwidth consumption increases. This is because increasing fD mainly increases

the energy consumption for local computation. Under the average power constraint, there

would be less tasks allocated for local computation and more tasks allocated for MEC com-

puting. Fig 2.5 compares the convergence time of LR+CCCP and the three baselines versus

F . First, intuitively, we can see that the convergence rate of LR+CCCP is slower than the

LR since it utilizes CCCP to guarantee the feasibility of the LR solution. Considering the

bandwidth gain obtained from the LR+CCCP, we can observe that the increase of the com-

putation complexity is acceptable. If running time does not allow, we can choose to use LR
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instead. For the scenario when the LR solution is not feasible, we then use LR+CCCP to

obtain a feasible local optimal solution. Next, the LR+CCCP method has faster convergence

rate than the CCCP and the greedy algorithm. This indicates that the LR+CCCP method

can be applied to a larger system than the CCCP or the greedy algorithm.
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Figure 2.6: Impact of C and fD on B∗

In Fig 2.6(a), the impact of the power constraint on the performance of all algorithm is

demonstrated. As P̄ increases, LR and LR+CCCP can utilize the relaxed power constraint
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better than CCCP and the greedy algorithm to save more bandwidth. CCCP and greedy

algorithm are insensitive to the relaxation of the power constraint. In Fig 2.6(b), the impact

of time constraint on the performance of all algorithms is demonstrated. The bandwidth

consumption decreases with τ since when task input/output data size and other system pa-

rameters are fixed, the time duration available for transmission increases with τ and thus the

data rate decreases with τ . As τ increases, every algorithm is sensitive and LR+CCCP still

outperforms all the other algorithms. Hence, LR and LR+CCCP are sensitive to both power

and time constraints, which indicates the performance superiority of LR-based algorithms

over the greedy algorithm and CCCP. Fig 2.6(c) illustrates the impact of the heterogeneity

of file popularity, i.e., the standard deviation σ, on B∗. As the level of heterogeneity of

the file popularity increases, the average consumed bandwidth B∗ increases as well for every

algorithm. Moreover, the increasing slops of the LR and LR+CCCP are lower than those of

CCCP and greedy algorithm. This indicates that the entropy (degree of chaos) can worsen

the performance of the policy, while the LR-based algorithms behave more robust.

2.6.1 Summary

We firstly consider a novel bidirectional computation task model, the input data of which

consists of real-time local input data and proactively generated remote input data. We

formulate the joint caching and computing policy optimization problem to minimize the

average bandwidth consumption under the latency, cache size and average power constraints.

In the homogeneous scenario, we derive the optimal policy and the analytical expression for

the minimum bandwidth. In the heterogeneous scenario, we propose the LR-based methods

and show that they outperform the state-of-the-art CCCP and the heuristic greedy algorithm

from both the bandwidth performance and the time efficiency.
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Appendix A: Proof of Property 4

For each task f ∈ F , when df = 0, we have
IDf

BU
f log(1+

PUh2

N0
)
+

(ISf +IDf )wf

fS
+

Of

BD
f log(1+

P1h
2

N0
)
≤ τ .

Hence, Bf,3 can be obtained via solving the following optimization problem:

min
BU

f ,BD
f

BU
f +BD

f

s.t.
a1
BU

f

+
a2
BD

f

≤ a3,

BU
f > 0,

BD
f > 0,

(2.44)

where a1 =
IDf

log(1+
PUh2

N0
)
> 0, a2 =

(ISf +IDf )wf

f0
> 0 and a3 = τ − Of

log(1+
PDh2

N0
)
> 0. We can see

that Problem 10 is a convex minimization problem. Denote with BU∗

f and BD∗

f the optimal

solution to Problem 10. In order to solve Problem 10, let us first consider a modified version

of the above convex problem as below.

min
BU

f ,BD
f

BU
f +BD

f

s.t.
a1
BU

f

+
a2
BD

f

≤ a3.
(2.45)

If the solution to Problem 11 satisfies BU
f > 0 and BD

f > 0, then it is also a solution

to Problem 10. Based on KKT conditions of Problem 11, we get an optimal solution to

Problem 11 as below.

BU∗

f =
a1 +

√
a1a2

a3
> 0, (2.46)

BD∗

f =
a2 +

√
a1a2

a3
> 0. (2.47)

Therefore, we get BU∗

f and BD∗

f of Problem 10, and then Bf,3 = BU∗

f + BD∗

f . The proof

ends.
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Chapter 3

MULTIPLEXING URLLC TRAFFIC WITHIN EMBB
SERVICES IN 5G NR: FAIR SCHEDULING

3.1 Motivation

Emerging 5G networks are expected to support a variety of applications and services, no-

tably the three main classes: (i) Enhanced mobile broadband (eMBB) services for longer

duration flows requiring high network throughput; (ii) Ultra-reliable low-latency communi-

cation (URLLC) is to support mission critical applications such as real-time telemedicine

and autonomous vehicles; and (iii) massive machine type communications (mMTC) within

the Internet of Things (IoT) [38]. For URLLC communications, the most stringent service

target is one millisecond (ms) system latency with 99.999% reliability [3]. Simultaneously,

multimedia flows utilizing eMBB desire bandwidth resources to achieve transmission rates

of up to 10 Gbps.

A key enabler is the emergence of network slicing concepts that allocate specific radio

access network (RAN) functionality to each of the supported services within the same network

infrastructure. In our work, RAN slicing is implemented at the packet level, where the

scheduler decides the physical resource allocation [39]. The scheduling algorithms devised for

long-term evolution (LTE) must be adapted to 5G scenarios to answer engineering challenges

such as: how to integrate newly arriving URLLC users within an ongoing frame already

allocated to eMBB users. Due to their delay constraints, URLLC users will need to be

pre-emptively scheduled rather than wait for the next slot.

In this chapter, we leverage the superposition/puncturing feature in 5G New Radio (NR)

to multiplex these two types of traffic in 5G [40], shown in Fig 3.1. This implies that more

flexible resource management algorithms are required to fulfill the competing Quality of
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service (QoS) requirements while maintaining fairness. The scheduling algorithms widely

used in LTE networks - Round Robin (RR), Max Rate (MR) and Proportional Fair (PF) - are

all designed to exploit the current channel conditions and maximize a time-averaged utility

(e.g., sum rate). Other schedulers like modified largest weighted delay first (M-LWDF) [41]

consider delay as part of the utility function.

A key degree of freedom in 5G for joint scheduling of eMBB and URLLC is the flexible

numerology (µ) [5] that allows sub-carrier spacing to scale as 2µ × 15 kHz to provide a

balance between different service requirements: QoS, latency and rate. Since the frame

(sub-frame) durations are preserved - 10(1) ms, respectively - as in LTE, with an increase in

the numerology index µ, the number of slots in a subframe increase, therefore increasing the

number of symbols sent as shown in Fig 3.1. A standard slot has 14 orthogonal frequency-

division multiplexing (OFDM) symbols. In contrast, mini-slots can contain 7, 4, or 2 OFDM

symbols and also start immediately without needing to wait for slot boundaries, enabling

quick delivery of low-latency payloads. While resource blocks (RB) over slots are allocated to

each eMBB users, URLLC users are allocated smaller RBs using mini-slots. To satisfy delay

and reliability constraints, resources originally allocated to eMBB users are re-allocated over

mini-slot duration by ‘puncturing’, i.e., setting the transmission power of eMBB traffic to

zero in the mini-slot. Alternatively, choosing non-zero transmission powers for both eMBB

and URLLC traffic may be used to achieve superposition. In either case, the consequence

is a reduction of eMBB user throughput. We investigate a scheduler design that maximizes

the original eMBB users’ aggregate utility while guaranteeing the QoS of URLLC users.

3.1.1 Related Work

Reducing end-to-end delay while achieving ultra-high reliability for URLLC continues to be

a challenge over lossy networks, as it typically implies the need for retransmissions (or other

1There are two types of URLLC traffic to consider for an ongoing eMBB slot: 1) Strictly constrained
URLLC traffic (less than 1 ms and 99.999% reliability) that requires puncturing current eMBB trans-
mission; 2) Softly constrained URLLC traffic (e.g. 99.999% and 5 ms in V2X and 99.9% and 10 ms in
VR/AR) [3] that can wait for the next empty eMBB slot.
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Figure 3.1: NR numerology, mini-slot and the superposition/puncturing framework for

joint eMBB and URLLC traffic1. Each mini-slot contains 2 OFDM symbols, so a normal

slot contains 7 mini-slots.

similar time-consuming methods) that increase latency. To meet URLLC latency constraints,

adaptive frame structures (that provide for mini-slots) and methods to reduce the processing

times have been proposed by 3GPP [5]. Shorter user equipment (UE) and next-generation

NodeB (gNB) processing times are achieved by introducing a new structure for the data

channel and new channel codes [42,43]. In [44], the authors provide an overview of URLLC

and analyze the latency components in 5G NR downlink. Further, to reduce the block error

rate (BLER) over a link, more accurate channel estimation by UE is studied in [45,46], while

configurable BLER targets for one-shot transmission given the channel condition is proposed

in [47]. What’s more, Hybrid Automatic Repeat reQuest (HARQ) is a known effective mech-

anism within LTE/NR to achieve efficient transmission and low residual BLER. However,

opportunities for HARQ retransmissions in URLLC will be limited due to the latency con-

straints. Hence, to reduce the need to wait for round trip times for HARQ operation, blind

repetitions whereby multiple packets are sent without waiting for HARQ acknowledgment

(ACK) are adopted as a solution in 3GPP [47]. A null-space based preemptive scheduler for

joint URLLC and eMBB traffic is proposed for dense 5G networks in [48]; non-orthogonal
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multiple access (NOMA) based multiplexing of URLLC and eMBB at the edge nodes is stud-

ied in [49, 50]. While these techniques could support simultaneous transmission for eMBB

and URLLC users (rather than puncturing eMBB users), these methods are effective when

the interference among users is modest. In several use cases, the above is infeasible2 and

puncturing is a practical alternative. Besides [49], the successive interference cancellation

algorithm required as a result of NOMA at the receiver could introduce significant additional

latency, making it difficult to meet strict latency constraints.

Prior work that focuses solely on URLLC performance includes [51, 52] that proposes a

resource allocation and HARQ optimization scheme to minimize the necessary bandwidth for

URLLC traffic. Similarly, [53] considers blind retransmission and proposed a model to reduce

resource consumption. However, the need is to consider such allocation to URLLC in con-

junction with other existing 5G traffic and not alone - thus, joint scheduling approaches are

needed. In [54,55], a RAN resource allocation problem is formulated as a sum-rate maximiza-

tion problem subject to the orthogonality constraint (i.e., service isolation), latency-related

constraint and minimum rate constraint while maintaining the reliability constraint with the

incorporation of adaptive modulation and coding. Common physical network infrastructure

is sliced into multiple end-to-end logical networks, each acting as a dedicated network for a

specific service. In [56], an optimization problem is formulated that maximizes the minimum

expected rate of eMBB users over the long run while meeting the URLLC requirements, but

without considering fairness among the eMBB users.

There have been very few studies in this regard; models for eMBB rate loss associated

with simultaneous URLLC is first proposed in [57] and is the closest precursor to our effort.

However, in that work, the authors propose new schedulers based on the assumption of

fixed set of backlogged eMBB users that all receive resources without using slot aggregation.

First, eMBB traffic is dynamic with users entering and leaving the system (hence not a

fixed set). Second, our preferred solution is to come up with a URLLC RB allocation

2For example, the passengers are playing video (eMBB) on an auto-driving car (URLLC).
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policy in NR given the already existing eMBB allocation, as a convenient upgrade path

for systems operation. The proposed resource allocation for URLLC traffic works on a

mini-slot scale and maintains current eMBB schedulers on the slot scale. Methodologically,

our approach is similar to [58, 59] that also proposed a constraint-based formulation that

maximizes the eMBB aggregate data rate while satisfying the URLLC constraints. We differ

from the above in two significant ways: the aggregate rate maximization often results in loss

of fairness among eMBB users. We thus incorporate proportional fairness concepts within the

aggregate utility maximization. Further, we also incorporate HARQ retransmission, which

is not considered in the above. In this way, we push the state-of-art for a joint scheduler

design while balancing multiple objectives (eMBB rate and latency constraints) while also

preserving fairness.

3.1.2 Contributions and Organization

The novel contributions of this work are:

• Based on the existing eMBB scheduler, a model for joint scheduling of punctured eMBB

and URLLC traffic as an optimization problem that maximizes the eventual aggregate

utility of the eMBB users subject to latency constraints for the URLLC users.

• Model for the delay and reliability of URLLC traffic from a media access control (MAC)

layer perspective.

• Two new resource allocation algorithms to align with practical implementation for

downlink scheduling in the 5G system.

Section 3.2 summarizes the utility maximization framework for eMBB subject to the

constraints of URLLC traffic. Section 3.3 describes the proposed system model for joint

scheduling. In Section 3.4, two different problem formulations and respective algorithmic

solutions are developed and evaluated via simulation testing in Section 3.5.
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3.2 Balancing eMBB Utility and URLLC requirements

3.2.1 Review: PF Schedulers for Maximizing eMBB Aggregate Utility in LTE/NR

In 3GPP cellular networks, the MAC scheduler controls the slot-based resource allocation

for users based on their respective traffic demands. Three different algorithms are widely

used in 4G LTE - round robin, max rate and proportional fair, which have been naturally

extended to 5G NR networks. Among those scheduling algorithms, PF scheduler is widely

used in cellular networks for the following reason. In any communication network, different

users normally experience different channel conditions, so the scheduler shall attempt to

exploit the temporal variations by allocating resources to users with the best conditions for

the upcoming time period. The PF scheduler not only aims to increase the system throughput

considering the channel condition but also maintains the long-term allocation proportional

fairness between users [60], which is superior to RR and Max Rate scheduler. In this chapter,

we analyze and use the well-known PF scheduler algorithm that is widely adopted by NR

and LTE for the downlink scheduling of eMBB users. Denote x(n) the data rate of the eMBB

user n and Un(x(n)) the utility of the eMBB user n. From [61], the PF schedule’s solution

x(n) satisfies ∑
n∈N

x(n)− x∗(n)
x∗(n)

≤ 0, (3.1)

where x∗(n) denotes the optimal PF solution and for any other feasible x(n), the aggregate

proportional fairness 3 gain is non-positive.

We first present the PF scheduler algorithm used in the downlink of several cellular net-

work standards, and discuss its connection to the network utility maximization formulation.

Consider a cellular downlink with N users, Rt(n) denotes the average data rate user n has

received up to time t in a window of T time slots according to

Rt (n) =

(
1− 1

T

)
Rt−1 (n) +

1

T
xt−1 (n) , (3.2)

3It is noteworthy that a more general α fairness utility function can be expressed as U(x) = x1−α

1−α . When
α = 1, the alpha-fairness is reduced to proportional fairness U(x) = log(x) which can be derived using
L’Hopital’s rule.
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where xt−1(n) denoting the actual data rate of user n at time t− 1.

The PF scheduler allocates resources to user n∗ who maximizes the ratio of achievable

instantaneous data rate over average received data rate, as shown below:

n∗ = argmax {Pt (n)}, (3.3)

where

Pt (n) =
DRCt (n)

Rt (n)
, (3.4)

where DRCt(n) denotes the achievable instantaneous data rate for user n at time slot t. The

scheduler finds the user with the highest Pt(n) to allocate all RBs in the current time slot

t. Then, the user corresponding to the second largest Pt(n) is allocated and so on until

there are no RBs left in current slot. As example in Fig 3.1 shows ongoing eMBB allocation

pattern, with orange representing allocation to user n∗ (top two rows in the resource block

table), blue representing RBs allocated to the user with the second largest Pt(n) etc. The

PF algorithm [62] has been shown (see App. 3.7.1) to maximize the aggregate eMBB utility

while guaranteeing the asymptotic proportional fairness.

3.2.2 URLLC Requirements and Resource Allocation

The QoS requirements for downlink URLLC traffic is modeled as follows: a UE requests

the BS to transmit a packet of size p successfully within an end-to-end delay of τ and the

probability of failure at most σ [51] [63]. The target reliability σ depends on the users’ QoS

requirements, while δ is the BLER for each transmission. The δ for single downlink trans-

mission is affected by the channel condition and choice of the Modulation Coding Scheme

(MCS). If BLER δ is higher than σ, it may take several retransmissions to achieve the

reliability requirement.

To ensure the probability of successful delivery, the delay caused by the retransmission

scheme like HARQ in LTE/5G NR must be considered. In this chapter, we analyze the

URLLC for one-shot transmission as a function of selected MCS, so the δ is known and
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configured according to the URLLC requirements. This method is extended to include re-

transmissions if we consider the retransmission packets as more constrained URLLC users,

i.e., the latency of the retransmission is a reduction of original latency by the passing time.

Further, the model could also be extended to optimize the choice of MCS and HARQ pro-

cessing.

In response to URLLC latency constraints, a series of measures to reduce the processing

time in each layer is described in Section 3.1. Specifically, in this work, we leverage the

additional mini-slot feature in NR, where each mini-slot is composed of fewer OFDM symbols

(a minimum of two) and also able to carry control signals/channels at the beginning and/or

end [64].

3GPP standards introduce different use cases for URLLC [3], depending on traffic type

and requirements. For example, information exchange in intelligent transportation between

a UE supporting V2X application and a V2X application server requires a max end-to-end

latency of 5ms and reliability of 99.999% with 1 Mbps downlink data rate. In such cases,

while requirements of bandwidth for each user are modest, increasing user numbers and

different traffic types will combine (as in a downtown rush-hour scenario) to render the joint

scheduling problem considered in this work of increasing significance.

Two downlink resource allocation schemes, Type 0 and Type 1 are supported in 5G

NR [47]. Type 0 is discontinuous frequency domain resource allocation, but instead of

allocating based on the single RB, the resource is further grouped into Resource Block

Group (RBG) of size V according to the upper layer protocol (the minimum size of V is 2).

In Type 1 downlink resource allocation, RBs are allocated to a scheduled UE contiguously.

In this chapter, we consider Type 0 schemes to avoid the extra effort in the grouping, i.e.,

URLLC incoming traffic within an ongoing eMBB slot could be allocated discontinuously

which provides the flexibility to achieve fairness between eMBB users.

Notation: Lower-case and upper-case boldface letters denote vectors and matrices, re-

spectively; (•)T , (•)−1 denote transpose and inverse of a matrix, respectively; the number of

non-zero entries of vector x, i.e,. cardinality of vector x is defined as card(x). ⌈•⌉ (resp.
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⌊•⌋) denotes the ceiling (floor) function, respectively. Other key notations are summarized

in Tab. 3.1.

Table 3.1: Key Notations

m /

M

URLLC user m / Total

URLLC user numbers

n /

N

eMBB user n / Total eMBB

user numbers

Pfail the final probability of trans-

mission failure

δ the probability of transmis-

sion failure for each transmis-

sion or retransmission

σ the reliability constraint

Tdelay the total delay

TTI Transmission Time Interval,

each delay is an integer mul-

tiple of TTI

α integer, variable, the delay of

waiting in the queue, deter-

mined by schedule policy

β integer, constant, the delay of

processing in gNB and UE

3.3 System Model

In LTE and NR, frequency-time resources are split into several blocks in the MAC layer

- Virtual Resource Block (VRB) - that are subsequently mapped into physical resource

blocks (PRBs)4. In this section, we first describe the joint scheduling architecture we aim to

construct. Then, the latency budget for PRBs allocated to URLLC users is used to formulate

4While the mapping details depends on the implementation according to the 3GPP standard [47], different
methods have no impact on the scheduling performance as long as we adhere to resource allocation schemes
in Section 3.2. Therefore we only focus on PRB allocations in this work.
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a latency constrained resource allocation problem for each mini-slot, whereby the aggregate

utility for eMBB users is maximized.

3.3.1 Joint Scheduling Architecture

Two different approaches to joint scheduler designers for eMBB and URLLC users have been

conceptualized. The first is to leverage the superposition/puncturing framework and sched-

ule based on different time scales, i.e., NR slot and mini-slot, as shown in Fig 3.1. The eMBB

scheduler decides at each time slot the PRB resources allocated, and the URLLC scheduler

allocates the mini-slots resources within the ongoing eMBB slot, based on the eMBB allo-

cation results. The URLLC scheduler receives the URLLC user demand information within

the current slot. Then based on the results from eMBB allocation, the URLLC scheduler

determines the allocation policy for each mini-slot. Since each mini-slot has a duration of

less than 0.125 ms, it implies that the URLLC scheduler algorithm complexity must be for

real-time operation. This approach does not impact the current schedule for eMBB traffic

but leads to a reduction of eMBB data rate after puncturing. The second approach is to

place both user types in the same queue and jointly schedule on the same time scale with-

out puncturing. This will require more scheduling slots and higher numerology to fulfill the

URLLC requirements. While this approach could maintain the data rate of eMBB users,

it will require a more complex scheduler to fulfill the low latency requirements of URLLC.

Further, in the sub-6 GHz bands, the numerology index is restricted to {0, 1}, implying that

scheduling decisions are based on 1 or 0.5 ms slots, limiting the latency constraints achieved

for URLLC traffic. In light of the above considerations, we choose to investigate the first

approach in this work. Since already allocated eMBB users’ PRBs will be punctured to

multiplex URLLC users, thus inevitably reducing eMBB users’ data rate, the objective of

our scheduler is to maximize the aggregate utility of eMBB users while meeting the latency

and reliability requirements of URLLC users. Thus we split the URLLC scheduler into two

parts - user selection and resource allocation. We first decide which mini-slots can meet

the latency and reliability constraints for an arriving URLLC user and then decide how to
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(BLind) Retransmission

Figure 3.2: Joint scheduler of eMBB and URLLC users

allocate the URLLC users within these mini-slots so as to maximize the aggregate utility

of the eMBB users. The joint scheduler architecture is shown in Fig 3.2. The Radio Link

Control (RLC) layer reports the buffer status at the beginning of the slot/mini-slot to the

scheduler. The Physical (PHY) layer will report the channel condition for different users

and the selected MCS from the channel quality indicator (CQI)5 reported from UE. The

eMBB scheduler selects users for transmission and allocates resources for them on a slot

basis and reports to the URLLC scheduler. Then the URLLC scheduler seeks to send out

its scheduled packets in each mini-slot based on the eMBB result and return it to the eMBB

users after its allocation. The URLLC scheduler will notify the PHY layer to set the eMBB

users’ transmission power to zero on the resource allocated to URLLC users as puncturing

and notify the eMBB scheduler of the allocation results. If the URLLC scheduler receives the

NACK or ACK timeout, it will start retransmission or blind retransmission by immediately

scheduling at the current mini-slot.

5There are two types of CQI transmission - periodic and aperiodic - for both eMBB and URLLC.
Aperiodic mode causes more delay since BS must request the UE to send their report, so we consider
the only periodic transmission. CQI is transmitted periodically with a minimum periodicity of 2 ms - the
value in the simulation - specified by a higher layer message. The scheduler uses the latest CQI value for
choosing the MCS as per the standard.



46

3.3.2 User Selection Based on URLLC Constraint

URLLC Reliability Constraint

In 5G downlink scheduling, we expect the channel condition between each user and base

station, i.e. BLER to be below acceptable limits - 10−5 in NR, 10−1 in LTE. The UE estimates

the downlink channel and reports back CQI for BS to choose the MCS to meet the BLER

requirement δ for its transmission. Thus, during each scheduling procedure, the BS knows

the BLER for given MCS according to the configuration. Note that most URLLC traffic has

strict latency constraint target (less than 1 ms) with error rate less than 10−5. In practice,

the BLER target is set to 10−3 to achieve higher throughput but also allow retransmissions

for lower BLER, thereby allowing adaptation for different service requirements. Consider the

architecture in Fig 3.2, the URLLC scheduler assumes that the inputs from the PHY layer

are accurate and estimates the BLER probability for the MCS chosen. Thereafter, it resorts

to blind retransmissions if the ACK/NACK from HARQ is not received within a time-out

interval. Each transmission/retransmission is independent, and the probability of failure is

given by

Pfail(m) = (δm)
ktrans(m) ≤ σm, (3.5)

where σm is the reliability constraint, ktrans(m) = kretrans(m) + 1, denoting the total number

of transmission and retransmissions for user m for BLER target δ, respectively. ktrans can be

obtained from Eq. (3.5) to indicate the # of blind retransmissions:

ktrans(m) =

⌈
log(σm)

log(δm)

⌉
. (3.6)

URLLC Latency Constraint

LTE system latency in the user plane is typically measured as a multiple of Transmission

Time Interval (TTI). The analysis for NR can reuse the same approach but with different

system parameters due to enhanced hardware capability, summarised by Samsung [65] and
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[66]. The NR TTI length is equal to the slot (eMBB) or mini-slot (URLLC) length6. The

total latency can be split into several parts shown in Fig 3.3.

 que  
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Figure 3.3: Illustration of latency components for DL transmissions in NR.

One-shot transmission: The total delay depends upon 4 components - i) queuing time

before allocation Tque, ii) processing time at gNB T gnb
proc, iii) transmission time Ttrans, and iv)

processing time at UE T ue
proc. The transmission time Ttrans = TTI and we assume that all

these delay components are a multiple of URLLC TTI (same length as mini-slot) as suggested

above. Then the total delay of URLLC user m is calculated in Eq. (3.7).

T once
delay(m) = Tque(m) + T gnb

proc(m) + T ue
proc(m) + Ttrans(m)

= Tque(m) + Tproc(m) + Ttrans(m)

= (αm + βm + 1)× TTI,

(3.7)

where αm ∈ Z++ is a non-negative integer and represents the multiplier of queuing delay

which depends on the scheduler policy, and βm ∈ Z++ is multiplier of total processing delay,

normally β = 4 [65,67]. Since retransmission have the highest priority and are immediately

scheduled, there is no queuing delay, thus T once
retrans(m) = Tproc(m)+Ttrans(m) = (βm+1)×TTI.

6For example, for a 2-symbol mini-slot, the TTI is 1/7 ms when using numerology 0 whose slot length is
1 ms.
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So the total delay for the transmission and kretrans retransmissions must satisfy

Tdelay = T once
delay(m) + kretrans(m)× T once

retrans(m)

= (αm + βm + 1 + kretrans(m)× (βm + 1))× TTI

= (αm + ktrans(m)× (βm + 1))× TTI

≤ τm,

(3.8)

From the above, we conclude that if the system BLER is lower than the acceptable

probability of failure, then only one transmission without any retransmission is sufficient.

For VR/AR applications with 10 ms latency and 99.9% reliability requirements, the value

of αm can be increased such the URLLC packets can be transmitted in the following eMBB

slot instead of the current mini-slot. This mitigates the impact on eMBB users, as shown

in Fig 3.1; because the next eMBB slot has not been allocated, the URLLC allocation does

not puncture the eMBB users in the current slot. Thus we relax the presumption in many

current works that URLLC be immediately allocated resources when these packets arrive,

depending on the use case.

Let the actual delay Tdelay equal the latency constraint τ in Eq. (3.8), then we obtain

the upper bound of queuing delay αm for user m, i.e.,

αm =
⌊ τ

TTI

⌋
− ktrans(m)× (βm + 1). (3.9)

Thus, the latency requirement is met by allowing user m to transmit within αm mini-

slots starting from the URLLC user arrival mini-slot d7. However, if αm ≤ 0, the URLLC

scheduler has no choice but to transmit instantly even though the latency requirement may

not be satisfied. The value of queuing delay also indicates the priority of each URLLC user,

i.e., larger the αm, lower the priority. If d + αm falls into the next eMBB slot, this URLLC

transmission will be scheduled in the next slot to avoid puncturing the existing eMBB users,

7We split the eMBB slot into several mini-slots, for example, seven mini-slots and the order is from 1-7.
If d = 3, it means the URLLC user comes in at the third mini-slot. Note that αm is an integer and TTI
length equals to the mini-slot length, so if d+ αm > 7, it means that the URLLC could wait for the next
eMBB slot to be scheduled.
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Figure 3.4: The flow chart of the user selection procedure.

which leads to the retransmission of punctured eMBB users. For other users, if d+ αm still

falls in the slot, we schedule these users in the current mini-slot to reduce the latency and

avoid overload in the next mini-slot. In this way, we select the users to transmit on different

mini-slots; the flow chart of the user selection procedure is shown in Fig 3.4.

3.3.3 Resource Allocation: Maximize eMBB Aggregate Utility

Consider PRB level resource allocation for both eMBB and URLLC users. Denote r(i) as

the number of PRBs user i needs defined in Eq. (3.10).

r(i) =

⌈
p(i)

ψ(i)

⌉
, (3.10)

where p(i) denotes the packet size of user i, and ψ(i) denotes the data amount carried by

this PRB for chosen MCS. Hence ψ(i) = TTI × b × ρ(i) where b denotes the bandwidth

of the PRB, TTI is the TTI (mini-slot/slot) length of the PRB. ρ(i) denotes the spectral

efficiency of chosen MCS of user m with in unit bit/s/Hz. For a selected numerology, TTI

and b are the same for all users, so the ρ(i) determines the capacity of the PRB. For each
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eMBB user, the data rate loss results from the amount of PRBs replaced by the URLLC

users in each slot. The eventual data rate of eMBB user n, ϕ(n) after the allocation of the

URLLC users in a slot is

ϕ(n) =

1−

∑
m∈S(n,m)

r̃n(m)

r(n)

 x(n), (3.11)

where x(n) denotes the original data rate of eMBB user n. x(n) will be updated by ϕ(n)

once the optimal ϕ(n) is obtained so that the optimization for the next mini-slot includes

the information from the previous mini-slot, r̃n(m) denotes that the number of PRBs of

URLLC user m overlapping with PRBs of eMBB user n, and S(n,m) denotes the index set

of URLLC usersm whose PRBs overlap with PRBs of the eMBB user n. Note that ϕ(n) only

represents the data rate of the harmed eMBB user n within a given mini-slot. To achieve

the proportional fairness for long term, we need to consider the data rate reduction of eMBB

user over sufficiently large number of time slots, i.e. average eMBB user data throughput

over T time slots is

Φ(n) =
1

T
ϕ(n) + (1− 1

T
)Rt−1(n), (3.12)

where the current mini-slot is in time slot t, Rt−1(n) denotes the average data rate of eMBB

user n in the previous T − 1 time slots.

Denote the allocation result of each URLLC user m with a row vector x̃T
m ∈ {0, 1}1×L

where x̃T
m,l = 1 means that URLLC user m takes up lth resource block and 0 otherwise. L

denotes the total number of PRBs available for scheduling. Then we get the final allocation

result in a mini-slot for all M URLLC users as a new matrix X ∈ {0, 1}M×L, expressed as

X =


x̃T
1

...
x̃T
m

...
x̃T
M

 = [ x1 ... xl ... xL ] . (3.13)

Since in each mini-slot, one URLLC user can be allocated, implies that any column of

the matrix X has at most one ”1”, i.e., card(x) <= 1. Since x is binary 0 − 1 vector, it
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follows that

1Txl ≤ 1, card(x) ≤ 1, ∀l ∈ {1, . . . , L}. (3.14)

For the PRB allocation for N eMBB users, Y is defined as follows,

Y = [ y1 ... yn ... yN ] , (3.15)

where Y ∈ {1}1×L. Denote [0 . . .yn . . . 0] the matrix with all other yi = 0 , i ∈ {1, . . . , N}−

{n}, i.e., only yn remains unchanged and all the other matrices are set to zero. For example,

for Y =
[
1 1 1 1

]
where y1 =

[
1
]
, y2 =

[
1 1

]
, and y3 =

[
1
]
. [0 y2 0] = [0 1 1 0]

denotes that 2nd and 3rd resource blocks are taken by eMBB user 2 corresponding to y2 =

[1 1]. To quantify the amount eMBB users is harmed by URLLC, we calculate the number

of the overlapping part between yn and matrix X for eMBB user n, i.e.,∑
m∈S(n,m)

r̃n(m) = Tr(X(:, col([0 . . .yn . . . 0]))
T (1M×11

T
L×1)), (3.16)

where col(•) returns non-zero column indexes of matrix, and X(:, col(Y)) returns the ma-

trix corresponding to col(Y) indices. The data rate after puncturing each eMBB user n is

expressed as follows:

ϕ(n) = (1−
Tr(X(:, col([0 . . .yn . . . 0]))

T (1M×11
T
L×1))

r(n)
)x(n). (3.17)

Eq. (3.17) is a convex function in X, since X(:, col([0 . . .yn . . . 0])) and Tr(•) are both linear

operation. Then we express the problem as an Integer Program (IP) as shown below.

Problem 9 (Original Resource Allocation Problem)

max
N∑

n=1

U(
1

T
((1−

Tr(X(:, col([0 . . .yn . . . 0]))
T (1M×11

T
L×1))

r(n)
)x(n)) + (1− 1

T
Rt−1(n)))

(3.18)

s.t. (3.14),Xm,l = {0, 1} ∀m ∈ {1, . . . ,M} and l ∈ {1, . . . , L}. (3.19)

Note that Problem 1 is an IP problem because each entry of X can only be 0 or 1. The

utility function U(Φ(n)) = log Φ(n), for example, when we aim to achieve proportional

fairness.
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3.4 URLLC Resource Allocation in Mini-slot

In this section, we first outline a combinatorial brute-force solution for Eq. (3.18) for URLLC

resource allocation in each mini-slot to maximize the eMBB utility functions and quickly

move towards a pragmatic solution by reformulating Eq. (3.18) into a difference of con-

vex problem, which can be solved using the concave-convex procedure. Finally, an online

greedy algorithm with lower time complexity is proposed based on proportional fairness (PF)

scheduler.

3.4.1 Combinatorial Approach

Assume that the number of PRBs for all URLLC in the current mini-slot is less than the

number of total PRBs L in the current mini-slot, so we have the following:

L−
M∑

m=1

r(m) > 0. (3.20)

Now we analyze the complexity of the brute-force algorithm. If we fix the URLLC

PRB allocation area with only the freedom to permute the order of each URLLC PRB,

then there are {
∑M

m=1 r(m)}! different permutations of URLLC PRB allocations. Hence,

we know the time complexity of such brute-force Algorithm is obviously much larger than

O
(
{
∑M

m=1 r(m)}!
)
. Therefore, the brute-force ordering algorithm is an NP-hard problem.

3.4.2 Convex Relaxation

In this section, we reformulate the natural Integer Programming (IP) problem as equivalent to

difference of convex (DC) programming that can be solved with an exact solution exploiting

concave-convex procedure (CCCP) efficiently. First, note that an equivalent constraint to

Eq.(3.19) is

Xm,l(1−Xm,l) ≤ 0,Xm,l ∈ [0, 1],

∀ m ∈ {1, . . . ,M}, ∀ l ∈ {1, . . . , L}.
(3.21)
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Problem 10 (Equivalent Resource allocation Problem)

max
N∑

n=1

U(Φ(n))

s.t. (3.14), (3.17), (3.21).

Note that while it is now cast as a problem over continuous variables, Problem 2 is still not

a convex optimization problem since constraint (3.21) represents a disconnected set. To be

more specific, Xm,l(1−Xm,l) is a concave function, so any sub-set is obviously a disconnected

set.

Next in the interests of tractability, we further transform the above by penalizing the

concave constraint into the objective function.

Problem 11 (Penalized Resource Allocation Optimization)

min−
N∑

n=1

U(Φ(n)) + ζ
M∑

m=1

L∑
l=1

Xm,l(1−Xm,l)

s.t. (3.14), (3.17) (3.22)

where we introduced a penalty parameter ζ > 0. The above function can be visualized

as a linearly constrained indefinite quadratic problem (IQP) which falls into the category of

different of convex (DC) problem. The following lemma shows the equivalency of the DC

problem to the original problem [34].

Lemma 3 If u > ζ0 where

ζ0 =
−
∑N

n=1 U(Φ(n))− γ
maxX{

∑M
m=1

∑L
l=1 Xm,l(Xm,l − 1) : (3.14), (3.17)}

, (3.23)

where

γ = minX{−
N∑

n=1

U(Φ(n)) : Xm,l(1−Xm,l) ≥ 0}, (3.24)

then Problem 2 is equivalent to Problem 3.
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Algorithm 2: CCCP Algorithm

1 Initialize Find an initial feasible matrix X(0) of Problem 3 and set i = 0;

2 while Error ϵ does not converge to the acceptable value do

3 Solve for X(i+1) as the optimal solution in the following convex problem:

min{−
N∑

n=1

U(Φ(n))− ζF(X;X(i)))}

s.t.(3.14), (3.17)

(3.25)

Where

F(X;X(i)) ≜
∑L

l=1

∑M
m=1X

(i)
m,l(1−X

(i)
m,l)+

∑L
l=1

∑M
m=1(Xm,l−X

(i)
m,l)(1− 2X

(i)
m,l).;

4 i← i+ 1;

5 end

It is noteworthy that Xm,l(1 − Xm,l) ≥ 0 is a convex constraint. The local optima of

Problem 3 can be obtained in finite steps via DC algorithms (DCA). Moreover, the objec-

tive function in Problem 3 is differentiable, so DCA is naturally reduced to CCCP [68],

as shown in Algorithm 2. CCCP iteratively solves convex problems obtained by lineariz-

ing the penalty term of the objective function in IQP. Taking derivative of the penalty

term gives us 1 − 2Xm,l, then we apply first-order linear approximation and we obtain

X
(t)
m,l(1 − X

(t)
m,l) + (1 − 2Xm,l)(Xm,l − X

(t)
m,l), where X

(t)
m,l denotes the solution of tth CCCP

iteration. The time complexity of each iteration of the CCCP algorithm is lower bounded

by O((ML)2+
1
6 log(ML

e
)) [69], where e denotes the relative accuracy.

3.4.3 Greedy Algorithm

Although the above CCCP indeed yields a near-optimal solution, the computation efficiency

may not suffice to output the solution within each mini-slot. In order to solve the resource

allocation more efficiently, we propose a greedy algorithm 3, which maximizes the aggregate
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utility for each arriving users inspired by the PF scheduler shown in Algorithm. 3. The

complexity of this algorithm is O(MLN). We use the same formula to calculate the PF

weight P (n) in Eq. (3.4) for eMBB users. The main difference between the traditional PF

algorithm and our proposed greedy algorithm is that the traditional PF will sort all eMBB

users according to the P (n) and then sequentially allocate one by one. In our proposed

greedy algorithm based on PF scheduler, we allocate the RB requested by URLLC one-by-

one by puncturing the RBs which has already been allocated to the existing eMBB users,

by choosing those that have the least impact on original P (n). It is noteworthy that, after

each allocation, the P (n) varies in response to the changes of eMBB users’ data rates, which

in turn will lead to different allocation decisions for the future RBs.

3.5 Simulations

In this section, we analyze the performance of the basic RR, CCCP and dynamic greedy al-

gorithm for downlink URLLC scheduling 8. Basic RR, as a baseline algorithm, only allocates

PRBs from top to bottom within each mini-slot, so it does not consider the impact upon the

fairness among eMBB users. RR algorithm also does not help maximize the eMBB users’

data rate since it does not consider which eMBB is more susceptible to data rate reduction

from URLLC users’ PRBs. The trade-off between the CCCP algorithm and the dynamic

greedy algorithm is analyzed in terms of the performance and time efficiency.

3.5.1 Simulation Setup

The simulation is implemented on a computer with a single CPU (Intel(R) Core(TM) i7-

7700K) and implemented using Matlab R2019b with the CVX toolbox. To accelerate overall

runtime, we implement the greedy algorithm in C on the same machine. We consider a

system with a total of 120 PRBs (60 RBGs) per eMBB slot, with seven mini-slots per eMBB

slot and numerology 1. The system has five eMBB users, and the RBG numbers needed to

8Note that the basic RR algorithm is not applied to eMBB but URLLC scheduling.
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Algorithm 3: Greedy Algorithm using PF scheduler in each mini-slot. Rt(n) de-

notes the low-pass filtered average data-rate user n has received up to time t.

1 ϕ(n)←− x(n);

2 if packets of URLLC user m arrival then

3 for each PRB of URLLC user m do

4

Rt (n)←−
(
1− 1

T

)
Rt−1 (n) +

1

T
ϕ(n), (3.26)

where T is the number of time slots we average for data rate.

n∗ ←− argmax {Pt (n)}, (3.27)

where

Pt(n) =
ϕ(n)

Rt(n)
, (3.28)

Puncture eMBB n∗ with the current PRB of URLLC user and the data rate of the eMBB

user is updated as follows:

ϕ(n∗)←− ϕ(n∗)− 1

r(n∗)
ϕ(n∗). (3.29)

5 Set the ϕ(n) as the original data rate x(n) in the next mini-slot, i.e., x(n)←− ϕ(n);

6 end

7 else

8 Do nothing;

9 end

achieve their maximum DRC are {10, 12, 12, 16, 18}. We assume these remain the same

during each simulation such that, for example, eMBB user one always request 10 RBGs to

achieve its maximum DRC in each slot. Note that the total number of RBGs requested by

the eMBB users is larger than the system can afford. Hence, in order to achieve the long-time

fairness among eMBB users, we apply the PF principle that forces the eMBB scheduler to

choose (out of 60 RBGs), which chunk of RBGs is going to be occupied by which eMBB

user.
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Cases: Different channel conditions for the eMBB users are used to demarcate cases. In

Case 1, all the eMBB users have same channel condition, ψ = 2 Kbits, i.e., each RBG carries

2 Kbits data. In case 2, the channel condition varies - User 1 has the best channel condition

- ψ(1) = 3 Kbits - while users 2 & 3 remains the same as case 1, i.e., ψ(2) = ψ(3) = 2 Kbits.

User 4 and user 5 have worse channel condition such that ψ(4) = 1.75 Kbits and ψ(5) = 1.5

Kbits. DRC in unit of Mbps for each user can be expressed as follows:

DRC(n) =
r(n)× ψ(n)

2× 0.5× 10−3 s
, (3.30)

where r(n) is the PRB numbers (thus r(n)
2

is the RBG numbers) requested by eMBB user n

and the slot length in our simulation is 0.5× 10−3 s.

The RBG numbers required by URLLC users are uniformly distributed with the mean

value of 2 RBGs from the set {1, 2, 3} RBGs. In this setup, the simulation explores the

extent to which the number of URLLC users impacts the performance of three algorithms

for simulation parameters in Table 3.2.

Table 3.2: Simulation Parameters

Parameters Value

eMBB Users

Numbers 5

ψ(n) (Kbits)
Case1 {2,2,2,2,2}

Case2 {1,2,2,1.75,1.5}

RBG Numbers Request

Each slot
{10, 12, 12, 16, 18}

URLLC users
RBG Numbers Request

Each Mini-Slot
uniformly distribution from {1,2,3}

System

Total PRB Numbers 120 (60 RBGs)

Numerology 1

Mini-Slot Symbol Number 2

3.5.2 URLLC User Selection: Latency and Reliability

For the current setting with Numerology 1, slot length 0.5 ms and mini-slot length equals

to 2 OFDMA symbols, the TTI quals to 0.0714 ms for URLLC users and processing time
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Figure 3.5: URLLC Users’ probability of failure with latency less than τ ms vs. BLER

target δ.

coefficient β equals to 4. Each simulation run duration is 200s and is repeated a total of 100

times to acquire statistics. The QoS requirements for downlink URLLC traffic is modeled

as follows: a UE requests the BS to transmit successfully within an end-to-end delay of

τ and the probability of failure at most σ. In the simulation, we consider the cases with

different τ and calculate the corresponding failure probability. We conduct the simulation

of 10 URLLC users arriving in each mini-slot versus different BLER target configuration

from 10−5 to 10−1. The percentage of the transmission failure within 1ms delay versus

different BLER settings is plotted to verify how well the user selection performs to meet the

URLLC QoS requirements. The results for the URLLC constraint is shown in Fig 3.5; it is

observed that the BLER target impacts the final result of the reliability within τ ms latency

constraint. For the current numerology setting (0.5 ms slot), the maximum transmission and

retransmission times ktrans are {1, 2, 3} for τ = {0.5, 1, 1.5} ms respectively. As the BLER

target σ increases, the reliability drops, and more retransmission is required, increasing the

latency. It cannot fulfill the requirements (σ ≤ 10−5) after δ ≥ 10−1 for all different τ , even

if all the packets are immediately scheduled in the current setting.
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Figure 3.6: Simulation result with the objective of maximizing total rate, i.e.,

U(Φ(n)) = Φ(n).

3.5.3 URLLC Resource Allocation

In this section, we first present a simple case with the objective of maximizing the aggregated

throughput of eMBB users, i.e., U(Φ(n)) = Φ(n) with the same setting as in case 2 above.

Fig 3.6 shows that using greedy algorithm and CCCP algorithm yield (nearly) the same

result, because with this objective function, the scheduler only needs to select the user with

the worst channel condition (user with the smallest ψ(n)) with the least harm. As the

number of URLLC users per mini-slot M increases, the last two users see throughput drop

(even to 0), hence there is no fairness between users.

Proportional Fairness: Next we simulate the 2 different cases mentioned above with the

objective to achieve the proportional fairness, i.e., U(Φ(n)) = log (Φ(n)) with 200s simulation

run durations and compare the results of different algorithms proposed in Section 3.4. In Fig

3.7(a), eventual aggregate eMBB utility affected by URLLC allocation versus the number of

URLLC users are plotted. As the number of URLLC users increases, the utility drops for

all RR, CCCP, and greedy algorithms. The performance of the CCCP algorithm is the best,

especially when the density of the URLLC network increases. For the RR algorithm, the

same eMBB users are constantly punctured because RR always punctures eMBB users from
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top to bottom (from orange to green PRBs) in Fig 3.1. In other words, no matter how high

the priority, the first user is punctured by the RR algorithm. Hence, there is no fairness,

and the total utility drops, as expected in Fig 3.7(a). We conclude that the RR algorithm is

not suitable for the URLLC scheduler, although it is useful in eMBB scheduling.

The CCCP and greedy algorithms consider fairness among the eMBB users and have

much better performance than the RR algorithm in general. However, greedy algorithms

decide on a single PRB allocation at a time, given all URLLC demands for PRBs. Hence,

its performance is compromised compared to CCCP, which makes decisions based on all

information of requested URLLC PRBs. In Fig 3.7(a), we observe that the slope of CCCP

does not change as the number of URLLC users increases while the slope for the greedy

algorithm drops slightly, supporting the previous analysis. The fairness among eMBB users

is calculated based on the Jain’s fairness index and shown in Fig 3.7(b); increasing the

URLLC numbers per mini-slot leads to greater unfairness among the eMBB users and hence

reduces Jain’s index.
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Figure 3.7: Total utility and Jain’s fairness index vs the number of URLLC user numbers

per mini-slot. The difference between the two cases is in case 2, ψ(n) varies among eMBB

users while ψ(n) is equal for all eMBB users. M denotes the total URLLC numbers in each

mini-slot.

Another approach to proportional fairness for eMBB users is the observation that the
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of each eMBB, M = 8 per mini-slot.

average throughput of the eMBB users is proportional to its DRC, as in Eq. (3.36). Thus

Φ(n)
DRC(n)

is computed after each 200s simulation run when the number of URLLC users arriving

at each mini-slot is 8. The results are shown in Fig 3.8(a) and Fig 3.8(b). In case 1, ψ(n) of

each eMBB user n is the same according to Tab. 3.2, i.e., the channel condition is the same

for all users, and the resulting loss is only related to how many PRBs of the eMBB user is

punctured. After the allocation of URLLC users, the proportion remains constant between

eMBB users using the CCCP algorithm. The greedy algorithm achieves nearly as a good PF

metric as CCCP even though the greedy algorithm only allocates one PRB at a time, while

RR achieves no fairness.

Case 2 in Fig 3.8(b) is more complex as the ψ(n) varies for each eMBB user according

to Tab. 3.2. As we can observe, the CCCP outperforms the greedy algorithm but is unable

to achieve ideal PF (constant). This is understandable for the following reason: each eMBB

user takes a different number of RBGs per mini-slot. If there is no URLLC user, then the

throughput of each eMBB user is always proportional to DRC. However, in the presence

of URLLC user, to obtain the perfect proportional fairness, i.e., Φ(1)
DRC(1)

= · · · = Φ(n)
DRC(n)

=

· · · = Φ(N)
DRC(N)

= c, we must have Φ(n) = c × DRC(n). Note that in this case, ideal PF

(constant value for eMBB users) is not achieved, although the Fairness index is considerably

better than RR. Since the original problem is naturally an integer programming, i.e. the
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punctured RBs are integers, we cannot achieve the desired ideal PF solution obtained over

the continuous real domain, and is the fundamental reason for the approximate PF values

achieved.

The results in Fig 3.9 demonstrate that as we increase the URLLC number to the limit the

system can afford (up to 30 in current setting9), all the resources are occupied by the URLLC.

When the URLLC traffic load exceeds the maximum resources the system can provide, the

utility of the eMBB users drop to 0. While the eMBB users still get scheduled, their actual

throughput is 0, so the priority among the eMBB users and the Jain’s fairness index remains

the same. The average latency for 99.999% reliability is shown in Fig 3.9(c). As the URLLC

number increases, the complexity of RR and greedy algorithms increase only marginally and

the resulting latency is mainly dependent on the mini-slot that is scheduled. However, the

complexity of the CCCP algorithm increases rapidly, which results in longer execution times

and increases the total latency. For URLLC numbers beyond 30, all URLLC users could

not be scheduled to meet the latency requirement of 1 ms; the latency is caused mainly by

the queuing rather than the URLLC scheduling delay, hence the change of the latency after

reaching the maximum of 30 in Fig 3.9(c) behaves the same for different schedulers.
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Figure 3.9: Total utility, Jain’s fairness index and average latency vs the number of

URLLC user numbers per mini-slot for various CQI.

9The total number of RBG in the simulation is 60, and each URLLC user attempts to take up 2 RBGs
each mini-slot. So when the URLLC numbers beyond 30, all the RBGs are taken by URLLC users.
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3.5.4 Algorithm Complexity

As shown in Sec. IV, the time complexity of greedy algorithm is O(MLN) and the CCCP

algorithm O((ML)2+
1
6 log(ML

e
)). We can conclude that the CCCP algorithm has a higher

order than the greedy algorithm in terms of the time complexity. Hence, we summarize the

following trade-off: when the number of URLLC users is large, CCCP has better perfor-

mance but longer run times. On the other hand, the greedy algorithm can time efficiently

allocate URLLC users’ PRBs with some performance sacrifices. The choice of CCCP vs.

greedy algorithm also depends on the performance of the embedded system employed and

use case latency requirements. For less strict latency constrained scenarios implemented

on embedded systems with a fast CPU, the CCCP algorithm may be uniformly preferred

for its performance. If the latency constraint is stringent, and the embedded system has a

constrained CPU, the greedy algorithm is likely to be preferred.

3.6 Summary

To study how data is allocated in 5G system resource pool, a new downlink scheduler for

URLLC is proposed. The integrity of the current existing eMBB PF scheduling is preserved

for compatibility with existing 5G standard oriented practices. The reliability and latency

requirements of URLLC are transformed into an optimal policy formulation for user selection

as the first step in the URLLC scheduler design. The subsequent resource allocation step

is formulated as an integer programming problem, which can be solved by the proposed

CCCP and greedy algorithm. Both algorithms achieve proportional fairness among multiple

eMBB users while maximizing the aggregate eMBB users’ data rate after puncturing. The

performance and running time of two algorithms are extensively compared in the trade-off

analysis and evaluated for use in different scenarios.
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3.7 The proof of Eq. (3.36)

3.7.1 Asymptotic Proportional Fairness

Denote πt(n) the probability of the transmission of the user n at time slot t. DRC(n) denotes

the achievable instantaneous data rate for user n. Let R(n) denote the average rate allocated

to user n, so

R(n) =
∑
t

πt(n)DRC(n). (3.31)

Therefore, the network utility maximization problem [62] is

max
∑
n

log(
∑
t

πt(n)DRC(n)) (3.32)

s.t.
∑
n

πt(n) ≤ 1, ∀t, πt(n) ≥ 0, ∀n, t. (3.33)

Using Lagrange multipliers, we obtain∑
n

log(
∑
t

πt(n)DRC(n))−
∑
t

λt(
∑
n

πt(n)− 1). (3.34)

So the optimal solution satisfies

DRC(n)

R∗(n)
− λ∗ = 0 if π∗t (m) > 0, (3.35)

Asymptotically, the PF preserves the proportional fairness between the eMBB users, i.e.,

lim
t−→∞

Rt(1)

DRC(1)
= · · · = lim

t−→∞
Rt(n)

DRC(n)
. (3.36)

So, our joint allocation approach preserves the proportional fairness between the eMBB

users.
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Chapter 4

MULTI-ACCESS POINT COORDINATION FOR NEXT-GEN
WI-FI NETWORKS AIDED BY DEEP REINFORCEMENT

LEARNING

4.1 Motivation

Orthogonal frequency-division multiple access (OFDMA) adopted in 802.11ax has signifi-

cantly enhanced the medium access control (MAC). OFDMA works on top of the legacy

carrier-sense multiple access with collision avoidance (CSMA/CA) to provide extra features

when access point (AP) contends for channel access, e.g., the use of trigger frame helps

control the uplink transmission of stations [70] for greater efficiency in a single basic service

set identifier (BSS-ID). The overlap of APs is defined as the intersection of their cells and

operating frequency bands. In such a cluster of overlapping AP, channel access collision

happens more frequently as the number of APs increases, especially when each AP has no

prior knowledge of other APs’ channel accessing policies. Thus, enabling some degree of

collaboration among neighboring APs will permit more efficient utilization of the limited

time and frequency resources, i.e., lower collision probability, higher network throughput.

To this end, the next-generation standard 802.11be (Wi-Fi 7) introduces some additional

features such as multi-AP coordination to further improve aggregate throughput in dense

overlapping layout scenarios [71].

The emphasis of EHT WG is on aggregate throughput in dense networking scenarios and

hence - building on the numerous physical layer (PHY) advances made in 802.11ac/ax -

notably new control frames for coordination among APs that requires information exchange

among the APs belonging to the coordinated AP set. Besides, the new 6 GHz bands opened

up in the US and Europe are new green fields for the future Wi-Fi 7 standard, which gives



66

AP 2

AP 1

AP 3

Shared AP
• Utilize shared TXOP for 

communications with 
devices in its coverage

Sharing AP
• Wins TXOP
• Shares TXOP with 

other APs (SH-TXOP)

Fr
eq

u
en

cy

Time

Sharing AP 2

Shared AP 1

80MHz 
Channel

RU 1

RU 2

AP 4 Shared AP 4

Shared AP 3RU 3

RU 4

Figure 4.1: Multi-AP Coordination with SH-TXOP: 4 APs share a 80 MHz universal

channel. Each AP has its own coverage of stations (STAs) and operates on its own primary

channel. Each resource unit (RU) represents a 20 MHz channel.

more freedom in architecture and protocol design. In Fig.4.1, an example of the current 11be

structure with Shared Transmission Opportunity (SH-TXOP) operation is introduced [72].

Four APs simultaneously operate on the shared 80-MHz bandwidth. Distributed coordina-

tion function (DCF) applied in SH-TXOP allows all APs to contend for channel access. In

this example, AP 2 successfully gains the TXOP and becomes a sharing AP. AP 2 then

collects information about the channel status and the traffic backlog from shared APs in the

candidate shared AP set. Afterwards, the sharing AP will share the wide-band TXOP with

the shared APs. Each AP must have a primary channel to operate in the dense overlapping

network so that it can contend for TXOPs for the communication within its own coverage.

Note that primary channels allocated to different APs are not necessarily the same. In such a

scheme considering collaboration, there is no frequency overlap among four channels because

each AP operates within its own allocated channel independently. The bandwidth of each

channel occupied by a shared AP or sharing AP is 20 MHz.
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Figure 4.2: Proposed Architecture for Multi-AP Coordination.

4.1.1 Multi-AP Coordination Architecture and Related Work

DCF with CSMA/CA is a traditional MAC protocol for channel access in Wi-Fi networks.

It has a long history of analysis using Markov models [73,74] developed originally for a single

(isolated) cell (e.g., single home networks) with saturated nodes.

In [75], a novel multi-AP coordination transmission scheme is proposed for 802.11be.

TXOP in the proposed scheme is acquired after the AP completes its backoff procedure.

Then, it performs a wide-band transmission if the secondary channel is idle during the point

coordination function (PCF) inter-frame spacing (PIFS). This contention-based method for

TXOP is similar to DCF Request-to-Send/Clear-to-Send (RTS/CTS) [74]. Then, the sharing

AP sends an Announcement Trigger Frame (ATF) to the shared APs to allocate all 20 MHz

channels, including the duration of TXOP and the scheduled channel information. This

proposed scheme also aligns with Coordinated OFDMA (C-OFDMA). That is, each shared

AP utilizes partial TXOP assigned by the sharing AP for its uplink/downlink (UL/DL)

OFDMA transmission with its associated STAs.

As the backoff procedure for granting the wide-band TXOP is performed solely by the

initiating AP, all responding APs should terminate the entire transmission sequence before

the TXOP duration, indicated by the received ATF. However, this leads to profound per-

formance loss as the number of APs grows larger. In [75], only 2 APs operate on a 40 MHz
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channel. The backoff procedure not followed by ACK can lead to the following situation:

more than one AP may think it has won the TXOP and start sending ATF, which will lead

to a collision. Since there is no feedback such as ACK, in the end, the whole TXOP is wasted

because more than one AP send different RU assignment in ATF and any AP will obtain

confusing allocation scheme. As a result, the collision probability increases significantly with

the increasing number of APs. Moreover, it is challenging to design a feedback mechanism

such as ACK for the TXOP contention method. Responding to the sharing AP by all shared

APs is a huge burden to the system performance because any failure reception of the ATF

to any AP will lead to re-transmission.

A novel system architecture is thereby proposed for multi-AP coordination in 802.11be

to decrease the collision probability of channel access, as is shown in Fig.4.2. The centralized

AP controller (APC) implements channel configuration, i.e., assigning primary channels to

all APs with consideration of proportional fairness (PF). Under this system architecture,

APs do not need to contend for the wide-band TXOP, and ACK is much easier to design.

The core function provided by APC is called radio resource management (RRM) [76], which

automatically monitors traffic, capacity, and reliability of operating APs. RRM can peri-

odically reconfigure the 802.11 networks for best efficiency by performing functions such as

radio resource monitoring and dynamic channel assignment. Each AP contends for TXOP

on the assigned primary channel which is further utilized for the communications with its

associated STAs by UL/DL OFDMA.

The suffering from the traditional DCF characterized by collision probability in dense

overlapping networks also prompts the applications of state-of-the-art machine learning tech-

niques. Deep reinforcement learning (DRL) is a machine learning technique that enables an

agent to take actions in an environment aiming to maximize the cumulative rewards. Rein-

forcement learning (RL) principles have shown potential on optimizing resource allocation in

various aspects in wireless communication, see [77–80]. Nonetheless, the application of DRL

in wireless networks must be made wisely, as the network utility unavoidably oscillates due to

the unstable nature of RL [81]. Moreover, in the overlapping multi-AP network, the network
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throughput is affected by the different channel qualities, the number of users, etc. Therefore,

the designed AP coordination algorithm should also account for those factors. Adversarial

RL-based method [82] is proposed as the solution to single-band multi-AP coordination in

11be. Deep Q-network (DQN) is investigated as an enhancement (higher utility) for CSMA

in heterogeneous networks in which more than one multiple access protocol coexist [83, 84].

However, this work assumes that all stations run on the same frequency band. As a more

ambitious study, multiple-agent deep learning multiple access with imperfect transmission

feedback [85] is studied. The main objective in [85] is to recover the lost transmission feed-

back between AP and STA due to imperfect channel condition. In [86], multi-channel access

for multiple STAs and one AP based on deep reinforcement learning is investigated. This

chapter concentrates on that all mobile users utilize improved channel access approaches

to communicate with one AP. Our work differs from [85, 86] by considering the through-

put maximization problem for multiple overlapping and collaborating APs following 11be

standards in which AP is in charge of channel access for TXOP. In [7], we consider a single

channel access problem for the communication between only one AP and multiple STAs.

As an extended version to [7], we propose in this chapter a novel system architecture that

consists a centralized APC with a PF solution to multi-channel allocation problem.

By contrast, our work also differs from the above research work by investigating a new

multi-band multi-AP coordination network with APC based on IEEE 802.11be, and our

proposed protocol simultaneously enables TXOP contentions at different frequency bands.

4.1.2 Contribution

This chapter proposes a novel coordinated multi-AP architecture and a corresponding chan-

nel access mechanism aligning with IEEE 802.11be to maximize the aggregate network

throughput while preserving fairness among APs. The major contributions of this chap-

ter are listed as below:

• We propose a multi-AP system with APC as well as formulate a dynamic resource
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allocation and channel access optimization problem. The resource allocation process is

considered as a Markov decision process (MDP). We choose the previous observation

of channels and actions as the state, transmission at a channel as the action, and suc-

cessful/unsuccessful transmissions at multiple channels as positive/negative rewards.

• Deep reinforcement learning channel access (DLCA) protocol is proposed. For each

AP in the coordinated multi-AP set, DLCA is deployed to contend for channel access.

The first AP winning the contention gains the TXOP on its primary channel. The

First-Order Model-Agnostic Meta-Learning (FOMAML) is then applied to DLCA to

enhance the overall performance. We also develop a greedy algorithm to maintain PF

among APs.

• Simulation results show that the performance of DLCA protocol is verified to have

strong stability and outperform baselines such as SH-TXOP and RTS/CTS in terms

of the network throughput as well as the network utility in dense overlapping Wi-Fi

networks.

4.2 Review: IEEE 802.11 DCF basic and RTS/CTS

This section briefly introduces two packet mode channel access protocols as follows:

• Distributed coordination function (DCF) basic: For stations employing DCF basic

method [74], they contend for the channel using a CSMA mechanism with collision

avoidance (CSMA/CA). Suppose a station wants to access the channel. It waits until

the channel is sensed idle for a distributed inter-frame space (DIFS). Then, a back-

off process is initiated. Backoff intervals are slotted, and the discrete backoff time is

uniformly distributed in the range [0,W − 1], where W is defined as the contention

window size, and CWmin represents the minimum contention window. The backoff

counter is utilized for station to decide whether to access channel at the current time

slot. The backoff counter value is initialized by uniformly choosing an integer from the
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range [0,W − 1]. Then, it is decremented by one at the end of each idle slot. Note

that the backoff counter will be frozen when a packet transmission is detected on the

channel and will be reactivated until the channel is sensed idle again for a DIFS pe-

riod. The station contends for channel when its backoff counter reaches zero. The ACK

follows after the completion of the transmission unless collision happens. If collision

happens, contention window size W is doubled after each unsuccessful transmission,

up to a maximum value CWmax = 2mCWmin, where m represents the largest times the

contention window size can be doubled.

• DCF Request-to-Send/Clear-to-Send (RTS/CTS): For stations employing DCF RTS/CTS

method, station transmits a short frame of RTS to AP after the backoff counter is decre-

mented to zero. When AP detects an RTS frame, it responds, after a short inter-frame

space (SIFS), with a CTS frame. The station can only access the channel if the CTS

frame is correctly received. The RTS and CTS frames also carry the information of

the data duration to be transmitted. This information can be heard by any listening

stations, which can then update a network allocation vector (NAV) containing the

information that the duration of the channel being busy. Therefore, a station can suit-

ably delay further transmission by detecting just one frame among the RTS and CTS

frames and thus avoid collision. The major difference between DCF basic and DCF

RTS/CTS is that DCF RTS/CTS will send a RTS and decide to access chanel only af-

ter a CTS is received from the AP. DCF basic, on the other hand, contends for channel

without sending RTS. Hence, when collision happens, DCF basic wastes a whole data

transmission duration while DCF RTS/CTS only wastes a RTS/CTS duration. Hence,

DCF RTS/CTS mechanism is very effective in terms of network throughput. involved

in the contention process [74].
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Figure 4.3: IEEE 802.11 DCF basic and RTS/CTS.

4.3 System Model and Problem Formulation of DLCA

In this section, we firstly introduce the multi-AP network with APC. Then the DCF RTS/CTS

is introduced and the novel DLCA is proposed. We formulate each AP’s dynamic resource

allocation and channel access optimization problem as MDP.

4.3.1 Proposed Multi-AP network

In 802.11be system, the aggregation of 5 and 6 GHz spectrum allows simultaneous operation

on different bands or channels (orthogonal frequency resource allocation). Our proposed

network model aligning with 11be protocol is shown in Fig.4.2. The coordinated multi-

AP set is defined as N = {1, . . . , n, . . . , N}, and F = {1, . . . , f, . . . , F} denotes the available

orthogonal channel set. Each AP can be allocated with a different channel from the available

channel sets. Suppose, at the tth contention for TXOP, AP n observes the channel states

of its allocated primary channel (the f th channel of 20 MHz), which yields the observation
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Table 4.1: Main Acronyms

TXOP Transmission Opportunity

SH-

TXOP

Shared Transmission Oppor-

tunity

STA Station

RU Resource Unit

DIFS Distributed Inter-Frame

Space

SIFS Short Inter-Frame Space

RTS/CTS Request-to-Send/Clear-to-

Send

vector ont (f) ∈ {0, 1} where 0 and 1 denote the IDLE and BUSY channel state, respectively.

Action vector is denoted as ant (f) ∈ A ≜ {0, 1} where ant (f) = 1 represents AP n contends

for the f th channel at tth contention for TXOP and ant (f) = 0 represents AP n does not

contend for the f th channel at tth contention for TXOP. A successful transmission occurs if

a sole AP occupies a TXOP. In the following section, the action and observation vector are

simplified as ant and ont , respectively, because the f th channel is implicitly linked to AP n

after APC has made the channel allocation decision.

4.3.2 Channel Access Mechanism

This section briefly introduces three packet mode channel access protocols that can be poten-

tially utilized in our proposed multi-AP network with APC, including our proposed DLCA

protocol. They are described as follows:

• Distributed coordination function (DCF) basic [74]: Suppose an AP wants to occupy

the TXOP on its primary channel. It waits until the channel is sensed idle for a

distributed inter-frame space (DIFS). Then, a backoff process is initiated. Backoff

intervals are slotted, and the discrete backoff time is uniformly distributed in the range
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[0,W−1], whereW is defined as the contention window size, and CWmin represents the

minimum contention window. The backoff counter is utilized for AP to decide whether

to access channel at the current time slot. The backoff counter value is initialized by

uniformly choosing an integer from the range [0,W − 1]. Then, it is decremented by

one at the end of each idle slot. Note that the backoff counter will be frozen when

a packet transmission is detected on the channel and will be reactivated until the

channel is sensed idle again for a DIFS period. The AP contends for TXOP when its

backoff counter reaches zero. The ACK follows after the completion of the TXOP unless

collision happens. If unsuccessful TXOP happens, contention window sizeW is doubled

after each unsuccessful transmission, up to a maximum value CWmax = 2mCWmin,

where m represents the largest times the contention window size can be doubled.

• DCF Request-to-Send/Clear-to-Send (RTS/CTS): AP transmits a short frame of RTS

to APC after the backoff counter is decremented to zero. When APC detects an RTS

frame, it responds, after a short inter-frame space (SIFS), with a CTS frame. The

AP can only occupy the TXOP of its primary channel if the CTS frame is correctly

received. The RTS and CTS frames also carry the information of the TXOP duration

to be transmitted. This information can be heard by any listening AP, which can then

update a network allocation vector (NAV) containing the information that the duration

of the channel being busy. Therefore, an AP can suitably delay further transmission

by detecting just one frame among the RTS and CTS frames and thus avoid collision.

The major difference between basic and RTS/CTS is that RTS/CTS will send a RTS

and decide to contend for the TXOP only after a CTS is received from the APC. DCF

basic, on the other hand, contends for TXOP without sending a RTS. Hence, when

collision happens, DCF basic wastes a whole TXOP duration while DCF RTS/CTS

only wastes a RTS/CTS duration. It is noteworthy that TXOP can take up to 8.16

ms and RTS/CTS only take up to 0.4 ms. Hence, DCF RTS/CTS mechanism is very

effective in terms of network throughput, especially for large data load in TXOP, as it
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Figure 4.4: The primary channels of APs are assigned by the APC. F channels from 5 and

6 GHz bands are available for IEEE 802.11be. Then APs in each 20 MHz band contends

for TXOP.

reduces the average number of wasted time slots involved in the contention process [74].

• Deep reinforcement learning channel access (DLCA): In the DLCA protocol, APC

periodically assigns the primary channel to each AP considering PF (as formulated in

section 4.4.3). Then, each AP senses the channel and obtains an observation from its

primary channel environment, indicating the channel is BUSY or IDLE. Based on the

observed results, each AP implements inference regarding the next action utilizing its

trained deep Q learning model to maximize the network throughput in its coverage

(as formulated in section 4.4.1). It is noteworthy that once the AP employing DLCA

decides to contend for TXOP, the similar protocol to DCF RTS/CTS in Fig.4.4 is

followed. The only difference is that DLCA has no backoff time, and it transmits

RTS as long as it determines to contend for TXOP, which makes the Coordinated-

OFDMA [87] possible because each contention process has a constant duration and

can be visualized as a time slot (summation of RTS/CTS, TXOP length, and ACK).

For each time slot, either one of APs wins the TXOP, or all APs that send the RTS

do not receive CTS from APC, leading to Time Out which indicates that RTS was not

approved by APC.
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In Fig.4.4, we can have either DCF RTS/CTS or DLCA as the packet mode channel

access method. If the DCF basic method is utilized, the transmission result will only be

known to the AP until the TXOP duration is finished. The data load within the TXOP is

much larger than the traditional scenario in which the DCF basic method is applied, leading

to intolerable performance loss [74].

4.3.3 Maximum Achievable Data Rate

Each AP’s action an
t is directly related to the throughput of its coverage. The more TXOPs

each AP gains, the higher throughput is reached. However, the number of successful TXOP

contention is not the only factor to the throughput. The channel conditions between each

AP and its associated STAs on different frequency bands are different, and they also vary

over time. In this work, we consider that the overall spectral efficiency of AP on its primary

channel can be obtained by taking the average of the individual spectral efficiencies between

AP n and all the associated STAs. The channel spectral efficiency is assumed to be known

by APC and denoted as Cn
t ∈ RF (bit/s/Hz). The spectral efficiency Cn

t (f) represents the

maximum data that AP n can achieve at time slot t on channel f .

4.3.4 Access Point Model

Define a Markov decision process (MDP) for an AP over a finite state space S ∈ {0, 1}2L×Z,

where L denotes the state size. The finite state space S is a set that contains concatenations

of observation vectors, action vectors, and cnt ∈ Z that represents the total number of

APs contending for TXOPs in the AP n’s operating frequency channel (including AP n

itself), i.e., snt+1 = [ant−L+1, o
n
t−L+2, . . . , a

n
t , o

n
t+1, c

n
t ]. The transition function δ(snt , s

n
t+1; a

n
t )

denotes the probability that the state snt transfers to the state snt+1 after taking action ant .

r(snt , a
n
t , s

n
t+1) ∈ R denotes the reward of AP n at tth TXOP contention results from its

state-action-state pair
(
snt , a

n
t , s

n
t+1

)
. The accumulated discounted reward Rn

t ∈ R for AP n
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can be expressed as

Rn
t =

∞∑
k=0

γkr(snt+k, a
n
t+k, s

n
t+k+1), (4.1)

where γ ∈ (0, 1] is a discounting factor. The policy of AP n π(n) : S −→ A is assumed to

be stationary, and the decision of the policy only depends on the current state. Hence, each

AP aims to solve the following problem:

argmax
π(n)

Eδ[Rt|snt = s, ant = a, π(n)], (4.2)

which is the objective of each AP and the expectation with respect to the transition probabil-

ity function δ is denoted as Eδ[•]. Since each AP simultaneously takes actions on its primary

channel where each action is associated with an objective (maximization of the accumulated

reward), this is overall a multi-agent problem. The calculation of the reward corresponding

to various state-action pairs is detailed in the next section.

4.3.5 System Reward

Every action made by an AP has corresponding feedback (CTS/Time Out). The system

reward is calculated as follows:

r(snt , a
n
t , s

n
t+1) =

L−1∑
l=0

ηlynt−l, (4.3)

where ynt−l = 1 denotes the successful feedback for the action ant−l and ynt−l = −1 for an

unsuccessful contention, and η ∈ [0, 1] is a factor such that the more recent action is, the

more weight it will have in the system reward. The overall reward estimation algorithm is

shown in Appendix 4.7.

4.4 DLCA Protocol

In this section, we develop the following steps: a) Q-learning satisfying the Bellman optimal-

ity condition is introduced; b) we introduce deep reinforcement learning in which a deep Q

network is utilized as a model for the action-value function; c) First-Order Model-Agnostic
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Meta-Learning (FOMAML) is applied to enhance the convergence rate and the stability

of the deep Q network; d) The greedy algorithm considering PF is proposed for multi-AP

coordination.

4.4.1 Q-learning

In this section, we introduce standard Q-learning and ϵ-greedy policy as the foundation for

the following deep Q-learning. As defined in the above section, each action ant transfers the

current state snt of AP n to snt+1 with reward rnt+1. The action-value function of AP n is

denoted as follows:

J(snt , {An
t }) ≜ Eδ[

∞∑
k=0

γkr(snt+k, A
n
t+k, s

n
t+k+1)|snt ], (4.4)

where the action-value function J(snt , a
n
t ) : S × A → R outputs the accumulated reward

with respect to the state snt and the corresponding action ant . The optimal value function is

defined as:

V ∗(snt ) = max
An

t

J(snt ,An
t ), (4.5)

where V ∗(snt ) can be further written as the Bellman optimality equation:

V ∗(snt ) =

max
ant ∈A

∑
snt+1∈S

δ(snt , s
n
t+1; a

n
t )[r(s

n
t , a

n
t , s

n
t+1) + γV ∗(snt+1)],

(4.6)

where δ(snt , s
n
t+1; a

n
t ) represents the transition probability from state snt to snt+1 after taking

action ant . The optimal Q-function can then be expressed as the follows:

Q∗(snt , a
n
t ) =∑

snt+1∈S

δ(snt , s
n
t+1; a

n
t ){r(snt , ant , snt+1) + γV ∗(snt+1)},

(4.7)
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in which the Q-function is a fixed point of a contraction operator H [88], defined for a generic

function Q : X ×A → R as the follows:

(HQ)(snt , ant ) =
∑

snt+1∈S

δ(snt , s
n
t+1; a

n
t ){r(snt , ant , snt+1)

+ γ max
ant+1∈A

Q(snt+1, a
n
t+1)}.

(4.8)

In the case of model-free reinforcement learning, the above Q-function is impossible to obtain

since the transition probability is unknown. Hence, the Q-learning algorithm searches the

optimal Q-function with samplings from the episodes of the MDP. Then, the Q-learning

algorithm utilizes the following updating rule:

Q(snt , a
n
t )←Q(snt , ant ) + β{r(snt , ant , snt+1)

+ γ max
ant+1∈A

Q(snt+1, a
n
t+1)−Q(snt , ant )},

(4.9)

where the learning rate is denoted by β. While each AP updates Q(snt , a
n
t ), it also makes

decisions based on Q(snt , a
n
t ), i.e., choosing the action corresponding to the largest Q-value.

For the ϵ-greedy policy, the optimal action is given by

ant =

argmaxant Q(s
n
t , a

n
t ), P = 1− ϵ.

random action, P = ϵ,

(4.10)

where ϵ denotes the probability of choosing random action. The greedy policy helps the

Q-learning policy to search for more possibilities of actions randomly. It can help the policy

converge faster and prevent the policy from being stuck at a sub-optimum. Q-learning is

proven to converge to the optimum action-values with probability 1 so long as all actions are

repeatedly sampled in all states, and the action-values are represented discretely [89].
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Algorithm 4: DLCA Algorithm.
Data: θn, sn0 , and t = 0.

1 while t ≥ 0 do

2 if mod(t, T ) is not T − 1 then

3

ant =

argmaxan
t
Q(snt , a

n
t ), P = 1− ϵ.

random action, P = ϵ

4 Obtain r(snt , a
n
t , s

n
t+1) according to Algorithm 6 and store the tuple (snt , a

n
t , r

n
t , s

n
t+1) to the training batch

D;

5 if Update then

6 1. Sample dns transitions from Dn.

7 2. Calculate the target value as follows:

8 v = rnt + γ
(
maxan

t+1
Q(snt+1, a

n
t+1;θ

n)
)
Q
.

9 3. For each randomly sample tuple in the training batch with ds samples, update θn with the

following gradient descent method:

θn ←− θn − ρ∇θnL(θn).

10 end

11 else

12 4. Each AP send its QNN weights to APC that obtains the global QNN θg = 1
N

∑N
n=1 θn.

13 5. Sample dgs from {D1, . . . ,DN} and update θg with the following gradient descent method:

θg ←− θg+

ρ

N

N∑
n=1

[v −Q(snt , a
n
t ;θ

n)]∇Q(snt , a
n
t ;θ

n).

14 6. Send θg back to each AP: θn ← θg .

15 end

16 t = t+ 1;

17 end
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4.4.2 Gradient descent in Deep Q-Learning

The traditional Q-learning algorithm can be applied to solve for the optimal policy. However,

traditional Q-learning is impractical if the dimension of action-state space is large, i.e., the

curse of dimensionality [90]; thus, the well-known DQN is proposed in [81] to approximate

the action-state Q-value function and the neural network used to achieve the approximation

is called Q neural network (QNN).

Each AP is equipped with a QNN which outputs the approximatedQ-value {Q(snt , ant ;θn)|ant ∈

A} given the input state snt and action ant . The optimal policy is to choose the action with

the largest Q-value. Unlike the tabular update for Q-learning in Eq (4.9), the QNN in deep

Q-learning can be trained by minimizing prediction errors of Q(snt , a
n
t ;θ

n) at each AP and

time slot, where θn denotes the trainable QNN weights on AP n. After the reward is ob-

tained, the state transfers to snt+1. The pair (snt , a
n
t , r(s

n
t , a

n
t , s

n
t+1), s

n
t+1) then forms a single

training sample for QNN and is stored in training set Dn. Please note that we will sample

training data dns from the training set Dn for each update in the training process. Next, we

define the prediction loss function of QNN as

L(θn) = (v −Q(snt , ant ;θn))2, (4.11)

where Q(snt , a
n
t ;θ

n) is the output of QNN at time slot t and the approximate value function

is defined as

v = r(snt , a
n
t , s

n
t+1) + γmax

ant+1

Q(snt+1, a
n
t+1;θ

n), (4.12)

in which the second term γmaxant+1∈AQ(s
n
t+1, a

n
t+1;θ) is obtained by searching the maximum

output of QNN with respect to the selection of action ant+1 given snt+1. Then, we can update

the trainable QNN weights using the semi-gradient algorithm [91] as below:

θn ← θn + ρ [v −Q(snt , ant ;θn)]∇Q(snt , ant ;θn), (4.13)

where ∇ is the gradient with respect to θn. Moreover, each AP is employed with deep Q-

learning to search for the optimal QNN. However, this inevitably results in a performance
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loss, for some APs cannot avoid learning aggressive policies to maximize the contention

benefits for themselves, and some APs learn conservative policies to avoid collision, especially

when AP networks are densely overlapping. Hence, in our proposed protocol, each APs sends

its QNN weights to APC that takes the average of the weights of all QNNs as follows:

θg =
1

N

N∑
n=1

θn, (4.14)

where θg is denoted as global weight. Minimizing the above equation is equivalent to mini-

mize the summation of all loss functions of QNNs from all APs, i.e.,

N∑
n=1

L(θn) =
N∑

n=1

(v −Q(snt , ant ;θn))2. (4.15)

In the meantime, minimizing the above equation implicates the following gradient descent

for the summed loss function:

θg ←− θg +
ρ

N

N∑
n=1

[v −Q(snt , ant ;θn)]∇Q(snt , ant ;θn). (4.16)

Hence, the global QNN weight θg is equivalently obtained by iterations over the sampled

data batch dgs collected from all APs’ local data set {D1, . . . ,DN}, which enables a faster

convergence rate and lower loss function value. It is noteworthy that θg is sent back to all

APs from APC after global gradient descent completes according to Eq (4.16). Then, θg

replaces the previous QNN weights for future training and inference. This method is called

First-Order Model-Agnostic Meta-Learning (FOMAML), which can further enhance all APs’

models with non-IID local data [92].

Remark 3 In Algorithm 4, samples are collected from the local data set in step 1. Then, in

step 2, target value is calculated. Gradient descent method is implemented in step 3 based on

the collected samples and the calculated target value. Step 4, 5, and 6 represent the FOMAML

method and is triggered once every T local training loops. It is noteworthy that the Q-value

in step 2 can be obtained by looping the action corresponding to the largest Q-value with

time complexity of O(F ). The gradient in machine learning is normally computed using
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the back-propagation method [93] as a numerical solution with time complexity of O(FM).

Algorithm 4 is typically executed in batch mode - such that QNN update occurs once per

batch to reduce computation load. FOMAML is only triggered every period of T to reduce the

communication overhead between the APC and AP. The global QNN θg is trained on APC

using global information gathered by APC, i.e., {d1s, . . . , dNs }.

4.4.3 AP Coordination: Greedy Algorithm

In the above section, each AP runs with a deep Q-learning algorithm independently. However,

the channel on which each AP should run is not described. In this section, the APC policy

that allocates channels to all APs considering PF is proposed.

Denote ϕn
t (f) as the instantaneous proportional achievable data rate for AP n at time slot

t at channel f . We assume the block fading channel condition to explore the convergence

property of our proposed algorithm, i.e., Cn
t (f) = Cn(f) is assumed to be constant over

multiple TXOP slots. Then we have ϕn(f) = Cn(f)
n(f)

. Denote xn
t (f) as the actual data rate of

AP n at time slot t at channel f , the allocation scheme for AP n can then be expressed as

follows:

f ∗ = argmax
f

P n
t (f), (4.17)

where

P n
t (f) =

ϕn(f)

D̃n
t

(4.18)

in which

D̃n
t =

(
1− 1

t

)
D̃n

t−1 +
1Txn

t

t
, (4.19)

and D̃n
t represents the average throughput of AP n up to time slot t. Note that only one

element in xn
t ∈ RF is non-zero. After allocating one channel to an AP, the scheduler updates

the ratio P n
t (f) for the next AP’s allocation. The proposed greedy algorithm considering

PF [62] on APC is specified in Algorithm 2. In Algorithm 2, each AP is allocated with a

channel in the while-loop. The average throughput of AP n up to time slot t is calculated.
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Algorithm 5: Greedy Algorithm Considering PF on APC.

Data: xn0 , D̃
n
0 , C

n(f), and n = 0.

1 n(f) = 0 for all f ;

2 while n ≤ N do

3

D̃n
t ←−

(
1− 1

t

)
D̃n

t−1 +
1Txn

t

t
.

4

f ∗ ←− argmax

{
ϕn(f)

D̃n
t

}
where

ϕn(f) =
Cn(f)

n(f)
.

n←− n+ 1;

5 n(f)←− n(f) + 1;

6 Allocate AP n to f th channel;

7 end

Then, the channel is chosen to maintain the current PF. The greedy algorithm can guarantee

the asymptotic PF, and the corresponding proof is shown in Appendix 4.8.

Round Robin (RR) and PF have been developed as two common scheduling strategies.

Among those, PF is widely considered in wireless networks. Different AP has different aver-

age throughput due to the number of previously gained TXOPs and various channel spectral

efficiency. The greedy algorithm considering PF exploits these variations by allocating the

primary channel to the AP with the best conditions for the upcoming TXOP slot. As a

design approach, this approach is superior to RR. In the end, the proposed DLCA protocol

is shown in Fig.4.5.

Remark 4 In Algorithm 7, the computation complexity of the PF scheduling method is
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3. Each AP uploads 
local QNN to APC 

according to step 4 in 
Algorithm 1

2. Each AP contends for 
TXOP using 

personalized QNN that 
is trained according to 

Step 1, 2, and 3 in 
Algorithm 1.

1. APC assigns primary 
channels to APs 

according to 
Algorithm 2

4. APC utilizes 
FOMAML for the global 
QNN according to step 

5 in Algorithm 1

5. APC sends the 
global QNN back to 
all APs according to 
step 6 in Algorithm 1

Figure 4.5: Flow Chart of DLCA Protocol: DLCA + Greedy Algorithm + FOMAML.

O(NF ). Similar to FOMAML, The greedy algorithm is only triggered every period of T

on APC to reduce the communication burden between the APC and AP. The information

of instantaneous data rate xn
t , average data rate D̃n

t , and spectral efficiency Cn(f) can be

exchanged between APs and APC through the wired connection such as Light Weight Access

Point Protocol (LWAPP), wireless connection such as DCF. FOMAML and the greedy al-

gorithm triggered with a suitable period has negligible impact on the network throughput as

long as the QNN is of lightweight.

4.5 Performance Evaluation

In this section, we present simulation results for a dense overlapping network that implements

our DLCA protocol. The performance comparison between the DLCA protocol, SH-TXOP,

and DCF RTS/CTS for the overlapping network characterizes the superiority of our DLCA

protocol. In the end, we evaluate proportional fairness and stability achieved by the greedy

algorithm in the DLCA protocol.
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4.5.1 Throughput in Multi-AP and Multi-band Networks

With the FCC opening up the 6 GHz [94] band for unlicensed use for 5G wireless networks,

joint operation in 5 and 6 GHz is feasible with orthogonal sub-channels with a bandwidth of

20 MHz. Our simulations consist of a fully overlapping multi-AP network using 5 GHz and 6

GHz bands- for a total of F sub-channels of 20 MHz. The TXOP slot is granted to the shared

APs as a multiple of 32 µs, and the maximum amount of time granted is 8.16 ms. The TXOP

is thus set as 8.16 ms. In the simulation, AP is assumed to be operating in the saturation

mode, i.e., it is always necessary for AP to gain TXOPs because AP needs to communicate

with its associated STAs in common Wi-Fi networks continuously. The average value of the

spectral efficiency on each channel is 40 Mbps [87], and the spectral efficiency is assumed to

be an uniform distribution, i.e., Cn
t (f) ∼ U[1, 3] bit/s/Hz. FOMAML mechanism and the

greedy algorithm are triggered with the period of T = 100 ms. We conduct Monte-Carlo

simulations with 100 independent trials and then take the average of the results.

We firstly consider SH-TXOP without APC [75] as the baseline. In the SH-TXOP proto-

col, APs share the universal frequency band rather than operating on different sub-channels.

After a certain AP wins the wide-band TXOP, it starts to share the TXOP on each 20 MHz

sub-channel to other APs based on round robin (RR) method, indicated by Announcement

Trigger frame (ATF) that contains the information such as the channel allocation scheme

for shared APs. For example, if there are 16 APs and 4 channels and AP 1 wins the TXOP,

then AP 1 allocates the first sub-channel as the primary channel for itself. Next, it allocates

the second sub-channel to AP 2, and etc. Each AP contends for the wide-band TXOP using

IEEE 802.11 DCF basic [74]. The Backoff Window size of DCF basic is CWmin = 32 and

m = 6. Note that DCF basic method can be utilized in this scenario. Since the packet

size in the process of gaining the sharing opportunity of TXOP is negligible, DCF basic is

applicable in such a scenario. However, DCF basic is well known to perform worse than

DCF RTS/CTS [74]. To futher enhance the DCF RTS/CTS, a model is proposed in [95]

that increases the network throughput by optimizing the initial backoff window size for DCF
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RTS/CTS. For this simulation, all APs are equally allocated to a fixed primary channel

at the beginning. For example, if there are 16 APs and 4 channels, then AP 1 − 4 are

allocated to the first channel as their primary channel, and AP 5 − 8 are allocated to the

second channel as their primary channel and so on. Next, each AP contends for TXOP in its

primary channel using DCF RTS/CTS with the optimized initial backoff window size [95].

This method in the simulation is called RTS/CTS. The aggregate network throughput x of

the entire network with N APs for this method is expressed as follows:

x =
N∑

n=1

xn =
N∑

n=1

znLU

L+ δ
, (4.20)

where L is the information bits in one packet, δ = δ0U stands for the protocol overhead in

the unit of bits. The channel bit rate U can be further written as the product of the sub-

channel bandwidth and the link spectral efficiency. The above equation is further explained

in Appendix 4.8.1. The system parameters are summarized in Table 4.2.

Table 4.2: System Parameters for Multi-AP Networks

Parameters Value

slot time (µs) 50

SIFS (µs) 28

DIFS (µs) 128

PHY Header (µs) 20

TXOP (µs) 640

CTS Timeout (µs) 300

ACK Timeout (µs) 300

Headers (Bytes) 36

ACK (Bytes) 14 + PHY Header

RTS (Bytes) 20 + PHY Header

CTS (Bytes) 14 + PHY Header

ATF (Bytes) 16 + PHY Header

We utilize PyTorch [96] to train QNN for DLCA. The simulations are conducted on a

server with a CPU (Intel Core i7-9700k) and a GPU (NVIDIA GeForce GTX 2080Ti) in

Python language. QNN is constructed by h = 5 fully connected layers with 64 neurons
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in each layer, which is illustrated in Fig.4.6. The operation of the QNN starts by taking

the state vector as the input. Then, it outputs two Q values corresponding to action -

transmission and action - wait respectively. AP decides to transmit if the corresponding Q

value is larger and wait otherwise. Table 4.3 lists the hyper-parameter of the deep Q-learning.

ReLU (Rectified Linear Unit) defined as

f(x) = x+ = max(0, x) (4.21)

is utilized as the activation function to the input of each neuron in the QNN. Unlike other

activation functions such as the sigmoid function, ReLu can help the QNN avoid the vanishing

gradient issue because the gradient of f(x) when x > 0 is always a constant. Therefore,

choosing ReLu can prompt faster learning process and better performance.

Table 4.3: Hyper-Parameters of QNN

Parameters Value

State size 40

Batch size 32

Learning rate ρ 0.001

γ in Eq (4.12) 0.9

ϵ in Eq (4.10) 0.05

η in Eq (4.3) 0.5

Step size of λ 0.1

Gradient descent step size u 0.25

The simulation result of the network throughput is shown in Fig.4.7. We validate the

precision of the RTS/CTS model by showing that the simulation results are close to their

corresponding theoretical results. Three curves related to the DLCA protocol are plotted

respectively. The curve labeled with DLCA reflects the simulation of running distributed

deep reinforcement learning on each AP without primary channel allocation from the APC.

In this case, each AP only has a fixed primary channel allocation similar to the RTS/CTS

simulation. On the other hand, DLCA + greedy method represents the simulation of running

distributed deep reinforcement learning on each AP with primary channel allocation decision
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Figure 4.6: QNN: Fully-connected Neural Network.

from APC. Note that APC does not update QNN globally in DLCA + greedy method. In

Fig.4.7(b), when the number of APs is small, the performance of DLCA and DLCA + greedy

method is better than SH-TXOP. The reason is that when the number of APs is N = 8 for

both DLCAmethods, each AP has its own exclusive primary channel and no collision happens

at all, which can be observed from Fig.4.8. However, 8 APs have to contend for the wide-

band TXOP for SH-TXOP. The average slots wasted in the collision for DLCA and DLCA

+ greedy method are zero, not to mention that SH-TXOP has more average IDLE slots

per TXOP than DLCA + greedy. As the number of APs increases, SH-TXOP outperforms

DLCA and DLCA + greedy. This is because some APs can develop very aggressive TXOP

contention policy without the supervision from FOMAML. Note that each AP only wants to

maximize its own total reward. Hence, it is possible that APs assigned to one channel are all

aggressive and we can view this training process as Prisoner’s Dilemma; that is, if one AP

does not develop aggressive TXOP contention policy, then it has no chance to get any TXOP

forever. Therefore, it is likely that DLCA will lead to high collision probability. However,

SH-TXOP and DCF RTS/CTS have backoff counter to avoid collision probability if collision
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Figure 4.7: Network Throughput vs Number of APs.
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Figure 4.8: Average Collision vs Number of APs. The Number of Channel is F = 8.

happens. Hence, as the number of APs increases, average slots wasted in collisions and

average IDLE slots per TXOP all increases for DLCA and DLCA + greedy in Fig.4.8 and

4.9, which leads to severe performance loss. Although both RTS/CTS method and DLCA

+ greedy + FOMAML perform well, DLCA + greedy + FOMAML provides higher network

throughput than RTS/CTS method by 3% for the total number of AP ranging from 8 to 56.

This is because the overhead remains in RTS/CTS and the backoff window takes up time

slots without sending any data packet. One can observe the RTS/CTS method has more

average collision slots and IDLE slots from Fig.4.8 and 4.9. In Fig.4.7(c), for the case of

16 channels with 8 APs, only half of the channel resources are utilized. Hence, the network
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Figure 4.9: Average IDLE vs Number of APs. The Number of Channel is F = 8.

throughput grows linear with increasing number of APs at the beginning. In Fig.4.7, DLCA

+ Greedy + FOMAML outperforms SH-TXOP by 10% when the number of APs is N = 56

in average of three cases. The advantage of FOMAML can also be demonstrated in Fig.4.10,

during the training process, the network throughput in both methods have large variance in

the initial learning phase. However, DLCA + greedy + FOMAML has faster convergence

rate and smaller variance. This can be attributed to the fact that each AP’s self-training

only reaches local optimality, emphasizing the important role of FOMAML as the global

optimizer that achieves the necessary AP coordination for throughput maximization.

4.5.2 PF in Multi-AP and Multi-band Networks

In the above section, aggregate network throughput is simulated. However, aggregate net-

work throughput does not reflect the throughput of each AP, leading to a potential issue that

the maximum throughput can always be achieved by having the same AP holding the chan-

nel, and no fairness exists at all. Hence, fairness must be guaranteed so that each AP in the

network can utilize the TXOP for UL/DL communication with associated STAs. The greedy

algorithm has been proven to enable PF among APs asymptotically previously. This section

implements simulations to study a network utility metric that describes PF and network
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Figure 4.10: Convergence: Throughput vs Training Steps. The Number of Channel F = 8,

The Number of APs N = 16. Each time step is one round of gradient descent in Eq. (4.13).

throughput. Meanwhile, the stability of our proposed algorithm is also investigated.

To be consistent with the notations in Appendix.4.8, the network utility is defined as∑N
n=1 log(D̄

n), where D̄n is the average data rate of AP n. We simulate the network utility

of DLCA + greedy + FOMAML, SH-TXOP. and RTS/CTS for comparison. In Fig.4.11,

DLCA protocol performs better than RTS/CTS by 13.8% and SH-TXOP by 28.3% when

the number of APs equals N = 56. In
∑N

n=1 log(D̄
n), the log term punishes the AP that has

low throughput. Therefore, the network utility demonstrates joint network throughput and

PF. We next show the stability of DLCA + greedy + FOMAML in terms of AP’s PF ratio,

which is expressed as

bn =
D̄n

ϕn
. (4.22)

According to Eq (4.28), the closer bn of each AP is to each other, the better PF is achieved.

In Fig.4.12, the PF ratios of 3 APs converge to 0.87, 0.84, and 0.81 respectively after 30000

steps. Then, we exchange the value of spectral efficiency Cn
t (f) between AP 1 and AP

3 at step 30000 to demonstrate the stability. After a sudden change at step 30000, three

curves experience drastic oscillation. Then, we can observe that the curves of AP 1 and

AP 3 converge again eventually. This result indicates that the fairness broken by a sudden
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n=1 log(D̄
n)) vs Number of APs. The number of channel is

F = 8.

network change can be restored very quickly. Hence, our greedy algorithm is shown to be

robust and efficient.

In the end, we conclude that the design of multi-AP network with APC has a higher

upper limit than the multi-AP network without APC in terms of the network throughput.

The choice of RTS/CTS or DLCA + greedy + FOMAML is constrained by the hardware

and energy cost. For the AP with limited power constraint, one can choose RTS/CTS with

lower power consumption but the performance loss, especially the lack of PF, might lead to

an unsatisfied user experience. On the other hand, if the power budget is high enough and

each AP is able to run light-weight QNN with suitable CPU or GPU, AP can reach higher

network throughput, and proportional fairness among APs can be also guaranteed.

4.6 Summary

In this chapter, we propose enhancements to the RRM architecture for dense overlapping Wi-

Fi networks that align with the proposed coordinated AP operation in Wi-Fi 7 (802.11be).

Specifically, we develop a novel multi-AP coordination system architecture with DLCA pro-

tocol. The proposed protocol considers not only the network throughput maximization but
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Figure 4.12: PF ratio bn vs Time Step with Greedy Algorithm. PF ratios of 3 APs out of

N = 18 APs on F = 8 channels are depicted. Each time step is one slot time in Tab. 4.2.

also the proportional fairness among APs. The performance of DLCA related algorithms

is then evaluated via simulations and compared with SH-TXOP protocol and RTS/CTS as

benchmarks. The numerical results show that DLCA outperforms SH-TXOP and state-of-

the-art RTS/CTS with an optimized initial back-off window in terms of network throughput

and network utility. Moreover, convergence rate and stability are also demonstrated in the

simulation.

This chapter studies the fully overlapping dense Wi-Fi networks. In our future work, we

will investigate partially overlapping dense Wi-Fi networks. In such a case, optimization for

dynamic AP coordination set, frequency reuse in different coordination set for 802.11be, and

coexistence with other protocols will be considered.

4.7 Appendix: Reward Estimation Method

Algorithm 6 is a modified version of Monte Carlo method in [91] that aims to estimate

reward and help Q-learning converges faster. For AP n operating in f th frequency channel,

we initialize the total reward to be zero in step 1. Then, if the current action ant (f) = 1,

we use while loop to find all feedback of the transmission action (action value is equal to
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1) in the state vector. Suppose one of the feedback is ACK, we add one to the weighted

total reward value in step 2 since it is a successful transmission. Otherwise, we minus one to

punish the weighted total reward value in step 3. Suppose the current action ant (f) = 0, then

the total reward value is 1 if busy channel is sensed in step 4 since the AP successfully avoids

a potential collision. The total reward value is set to −1 as a punishment if idle channel is

sensed in step 5.

Algorithm 6: Reward estimation method.
Data: f , snt , feedback for all actions in snt .

Result: r(snt , a
n
t , s

n
t+1)

1 1. r(snt , a
n
t , s

n
t+1)← 0;

2 if ant (f) == {1} then

3 l← L;

4 while l ≥ 0 do

5 if the feedback of ant−l(f) = 1 is ACK then

6

2. r(snt , a
n
t , s

n
t+1)← η × r(snt , a

n
t , s

n
t+1) + 1

7 else

8

3. r(snt , a
n
t , s

n
t+1)← η × r(snt , a

n
t , s

n
t+1)− 1

9 end

10 l← l − 1;

11 end

12 else

13 if on
t+1(f) == {1} then

14

4. r(snt , a
n
t , s

n
t+1)← 1

15 else

16

5. r(snt , a
n
t , s

n
t+1)← − 1

17 end

18 end
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4.8 Appendix: Proof of Asymptotic Proportional Fairness

We show that the greedy algorithm considering PF maximizes the aggregate throughput

while guaranteeing the asymptotic PF on one channel. Denote pnt (f) as the probability of

the AP n at time slot t being assigned with channel f . Assume the spectral efficiency does

not change within t slots, then we have

D̄n
t =

∑
f

∑
t

pnt (f)ϕ
n(f). (4.23)

Therefore, the network utility maximization problem [62] is

max
∑
n

log(
∑
f

∑
t

pnt (f)ϕ
n(f)) (4.24)

s.t.
∑
n

∑
f

pnt (f) ≤ 1, pnt (f) ≥ 0, ∀n, f, t. (4.25)

Note that the above problem is a convex problem since log function with composition of

an affine function still preserves concavity. Applying Lagrange multipliers, we obtain the

following: ∑
n

log(
∑
t

∑
f

pnt (f)ϕ
n(f))−

∑
t

λt(
∑
n

∑
f

pnt (f)− 1) (4.26)

Taking the derivative w.r.t. pnt (f), we obtain the optimal solution as

ϕn

D̄n
t

− λ∗ = 0 if pnt (f) > 0, (4.27)

Asymptotically, the PF algorithm helps the AP network to reach the PF, i.e.,

lim
t−→∞

D̄1
t

ϕ1
= · · · = lim

t−→∞
D̄n

t

ϕn
. (4.28)

Hence, allocation method shown in Eq. (4.17) follows the optimal condition of the 11be

network utility maximization problem with PF.
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4.8.1 Performance of Multi-AP IEEE 802.11 RTS/CTS Networks

Figure 4.13: Graphic illustration of successful transmission and collision in DCF networks

with the RTS/CTS access mechanism.

Figure 4.14: Graphic illustration of successful transmission and collision with DCF basic

mechanism.

The aggregate network data rate x is the average number of information bits successfully

transmitted per second, which is the sum of the average number of information bits that AP

n successfully transmits per second xn

x =
N∑

n=1

xn, (4.29)

The duration to transmit a packet consisting of L information bits is given by L
U
+ δ0, where

U is the channel bit rate, and δ0 is the protocol overhead in seconds. With the RTS/CTS

mechanism and DCF basic illustrated in Fig. 4.13 and 4.14 respectively, δ0 is given by

δRTS
0 =

RTS + CTS + ACK

Ub

+Header + DIFS + 3× SIFS

δbasic0 =
ACK

Ub

+Header + DIFS + SIFS,

(4.30)
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where Ub denotes the basic rate. In the end, the data rate xn of each BSS i can be expressed

as follows:

xn =
Lzn

L
U
+ δ0

=
znLU

L+ δ
,

where δ = δ0U stands for the protocol overhead in the unit of bits. The channel bit rate

U can be further written as the product of the channel bandwidth of each AP and the

link spectral efficiency. The details of derivation of zn is related to parameters of τT and

τF [95]. As for the throughput of Multi-AP IEEE 802.11 DCF basic network without APC,

τDCF
T = τT − (RTS + CTS + 2 × SIFS). τDCF

F is equal to τDCF
T in basic DCF since there

is no RTS/CTS and the collision leads to a waste of whole packet time instead of RTS/CTS

with short duration, which is the reason why RTS/CTS can enhance the system throughput.
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Chapter 5

CONCLUSION

In this dissertation, we have investigated optimized resource allocation policies for wire-

less networks, with the unifying theme of enhancing the performance and efficiency of wireless

networks by emphasizing various communication protocols and resources across three dis-

tinct chapters. By addressing different network scenarios and developing novel approaches

and algorithms tailored to these specific cases, we provide a comprehensive framework for

optimizing resource allocation policies in wireless networks.

In Chapter 2, we explore joint caching and computing policy optimization for a bidirec-

tional computation task model, focusing on both homogeneous and heterogeneous scenarios.

The optimal policy is derived for the homogeneous case, while LR-based methods are pro-

posed for the heterogeneous case. Chapter 3 develops a novel downlink scheduler for URLLC,

transforming reliability and latency requirements into an optimal policy formulation and

proposing CCCP and greedy algorithms for resource allocation. The scheduler is designed to

maintain proportional fairness among eMBB users while maximizing the aggregate data rate.

In Chapter 4, enhancements to RRM architecture for dense overlapping Wi-Fi networks were

introduced in line with Wi-Fi 7 (802.11be) coordinated AP operation, developing a multi-AP

coordination system architecture with the DLCA protocol. This protocol aims to maximize

network throughput and maintain proportional fairness among APs.

The results and contributions of this thesis demonstrate the effectiveness of the proposed

resource allocation policies and novel algorithms in improving network performance and

efficiency across a range of wireless network scenarios. By building upon the unifying theme of

optimizing wireless networks with different emphasis on various communication protocols and

resources, this work offers valuable insights and solutions for the field of wireless engineering.
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Future research includes exploring partially overlapping dense Wi-Fi networks, focusing

on optimization for dynamic AP coordination sets, frequency reuse in different coordination

sets for 802.11be, and coexistence with other protocols. Additionally, incorporating machine

learning techniques and emerging wireless technologies such as massive MIMO, mmWave

communication could lead to further advancements in wireless network performance and the

development of innovative solutions for next-generation communication systems.
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