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Abstract

In order to meet the increasing demand for wireless communication, the industry and academia

in the telecommunications sector have shifted their interests towards exploring the next genera-

tion communication technologies, known as the sixth generation (6G) communications. In the

envisioned 6G communications, many applications and services rely on real-time communica-

tions where timely information delivery is essential. To characterize the freshness of delivered

information, an emerging performance metric named age of information (AoI) has been in-

troduced, which is defined as the elapsed time since the last successfully received packet was

generated by the transmitter.

Motivated by the importance of AoI, this thesis aims to analyze and optimize the AoI

performance in wireless networks. Specifically, this thesis investigates and addresses the fol-

lowing issues: (i) Transmission scheduling policy design in multi-user systems (Chapter 2),

(ii) Offloading strategy design in multi-user mobile edge computing (MEC) systems (Chapter

3), (iii) Analysis of AoI performance for different encoding schemes and non-linear AoI per-

formance in short packet communication systems (Chapter 4), and (iv) Optimal transmission

selection in short packet communications (Chapter 5). The contributions made in this thesis

are summarized as follows:

First, we design scheduling policies of multi-user systems to optimize the AoI performance

in Chapter 2. In this chapter, we design two different scheduling policies, where the first one

is a decentralized uplink packet arrival-independent scheduling policy and the second one is a

centralized downlink packet arrival-dependent scheduling policy. In particular, we first propose

a repeated random access (RA) based scheduling policy, where each user equipment (UE) gen-

erates its packet and then randomly selects one channel from multiple orthogonal frequency

channels to perform repeat transmission of its packet across multiple time slots. We derive

closed-form expressions for the average AoI achieved by the proposed scheduling policy for

three packet management policies. The simulation results corroborate our analysis and demon-

strate that the proposed scheduling policy can achieve a lower average AoI than the round robin

(RR) policy. We then propose a Whittle index based scheduling policy to minimize the average

general AoI penalty in a downlink multi-user system with stochastic packet generation patterns

and unreliable transmission links. We formulate the transmission scheduling problem as an av-

erage cost constrained Markov decision process (CMDP) problem. Through introducing the

service charge, we derive the approximated expression for the Whittle index, based on which

we design the scheduling policy. Using numerical results, we demonstrate the performance

gain of our designed scheduling policy compared to the existing policies.
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Second, we investigate the offloading strategy of a multi-user MEC system to achieve the

optimal AoI performance in Chapter 3. We analyze the average AoI and the average peak AoI

(PAoI) of a multi-user MEC system. In this MEC system, we derive closed-form expressions

for the average AoI and average PAoI for three computing schemes, namely, the local com-

puting scheme, the edge computing scheme, and the partial computing scheme. To reduce the

complexity of the average AoI expression, we derive upper and lower bounds on the average

AoI, which allow us to explicitly examine the dependence of the optimal offloading decision on

the MEC system parameters. Aided by simulation results, we verify our analysis and illustrate

the impact of system parameters on the AoI performance.

Third, we investigate the AoI performance of short packet communication systems in

Chapter 4. In this chapter, we first analyze the impact of different encoding schemes on the

AoI performance in a short packet communication system, where a transmitter generates pack-

ets based on the status updates collected from multiple sensors and transmits the packets to

a receiver. In this system, we consider two encoding schemes, namely, the joint encoding

scheme and the distributed encoding scheme. We derive closed-form expressions for the aver-

age AoI achieved by these two encoding schemes and compare their performance. Simulation

results show that the distributed encoding scheme is more appropriate for systems with a rel-

atively large number of sensors, compared with the joint encoding scheme. We then analyze

the non-linear AoI performance in a short packet communication system, where a transmitter

generates packets based on status updates and transmits the packets to a receiver. Specifically,

we investigate three packet management strategies, namely, the non-preemption with no buffer

strategy, the non-preemption with one buffer strategy, and the preemption strategy. To charac-

terize the level of the receiver’s dissatisfaction on outdated data, we incorporate a generalized

α-β AoI penalty function into the analysis and derive closed-form expressions for the average

AoI penalty achieved by three packet management strategies. Aided by simulation results, we

verify our analysis and investigate how the value of α affects the system transmission reliabil-

ity.

Finally, we analytically decide whether the broadcast transmission scheme or the unicast

transmission scheme achieves the optimal AoI performance of a multi-user system in Chapter

5. In this system, we consider two transmission schemes, i.e., the broadcast transmission

scheme and the unicast transmission scheme. For both transmission schemes, we examine

three packet management strategies, namely the non-preemption strategy, the preemption in

buffer strategy, and the preemption in serving strategy. We derive closed-form expressions

for the average AoI achieved by two transmission schemes with three packet management

strategies. Based on them, we compare the AoI performance of two transmission schemes in

two systems, namely, the remote control system and the dynamic system. Aided by simulation

results, we verify our analysis and investigate the impact of system parameters on transmission

scheme selection to optimize the average AoI.
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Chapter 1

Introduction

1.1 Background

The fifth generation (5G) communication markets have experienced significant revenue growth

over the last few years, due to the staggering number of over one billion 5G subscriptions

worldwide, reflecting the increasing demand of 5G services [1]. By the end of 2028, 5G sub-

scriptions are projected to reach a global total of 4.6 billion. To address the ever-increasing

demand for communication, the entire telecommunications sector, including both industry and

academia, have shifted their focus towards exploring the next generation communication tech-

nologies, i.e., the sixth generation (6G) communications. The envisioned 6G communication

systems aim to build upon the foundation laid by 5G and address the emerging demands of our

ever-connected society. To further improve the cellular communication performance, the Inter-

national Telecommunication Union (ITU) has proposed the framework of the envisioned initial

6G communications based on the 5G communications and plans to finish the 6G standardiza-

tion process before 2030 [2]. The envisioned 6G communications will lead to a revolutionary

leap forward in terms of coverage, data rates, network reliability, latency, massive connectivity,

security, and energy efficiency. In 6G communications, the main usage scenarios are extended

from the original three scenarios of 5G communications, i.e., enhanced Mobile Broadband

(eMBB), ultra-reliable and low latency communications (URLLC), and massive machine-type

communications (mMTC), to the six usage scenarios [3], as follows

• Immersive communication: This scenario is the enhancement of the eMBB, which

aims to deliver enhanced accessibility to a wide range of multimedia content, services,

and data, ensuring a seamless user experience.

• Massive communication: This scenario is the enhancement of the mMTC, which sup-

ports a massive number of low-power and low-complexity Internet of Things (IoT) de-

vices.

• Hyper reliable and low latency communication: This scenario is the enhancement

of the URLLC, which provides real-time communication services with extremely low

1
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latency and high reliability.

• Ubiquitous connectivity: This scenario is the first new usage scenario, which ensures

that communication networks cover remote and underserved areas with reliable connec-

tivity.

• Integrated artificial intelligence (AI) and communication: This scenario is the second

new usage scenario, which aims to create an efficient, adaptive, and intelligent network

to deliver a highly customized and context-aware user experience.

• Integrated sensing and communication: This scenario is the third new usage scenario,

which aims to support real-time data acquisition from diverse sensors and create an

interconnected and data-driven network.

In 6G communications, many applications and services rely on real-time communications,

where timely information delivery is essential. Real-time communications support the ca-

pability of 6G communication systems to facilitate instantaneous and ultra-responsive data

exchange between connected devices and systems. Particularly, timely wireless transmission

is a crucial/vital requirement for realizing accurate monitoring and control in real-time com-

munication applications [4, 5]. In such applications, maintaining the information freshness is

critical, since the outdated information may result in the system failure and safety hazards.

Therefore, real-time communications are key enablers to support industries which require in-

stantaneous data transmission to ensure efficient operations, safety, and decision-making, such

as aviation, maritime, emergency response, and financial services. Moreover, real-time com-

munications are key pillars underpinning critical situations, such as disaster response or mil-

itary operations, where timely information can save lives and prevent deaths. Furthermore,

timely information delivery is vital for effective remote collaboration and connectivity. For

example, in distributed work environment, real-time communication tools and access to shared

information enable seamless collaboration among sensors and/or robots, regardless of their

geographical locations, ensuring them to stay connected and work together efficiently.

1.2 Timeliness Performance Metric

When assessing the time-relevant performance of a communication system, two commonly

utilized metrics are latency and status update frequency. Latency refers to the time delay

between the generation of information from the source to its reception at the destination. Thus,

minimizing latency is crucial for timely information delivery, as high latency may adversely

affect applications such as video streaming, voice communication, online gaming, and real-

time monitoring. Status update frequency, on the other hand, refers to how often the system
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updates its status. High status update frequency is crucial for real-time applications to ensure

timely information dissemination, monitoring, and control.

The real-time applications require both low latency and high status update frequency trans-

mission, while low latency reduces the delay in transmitting information and high status update

frequency enables the system to provide more up-to-date information. However, there may ex-

ist a trade-off between these two performance metrics [6], where high status update frequency

may lead to a large queuing delay which in turn increases latency, while decreasing latency

may require a low status update frequency, resulting the lack of updates. Therefore, balancing

both metrics is crucial for achieving the optimal performance in terms of timely and efficient

information dissemination. In other words, to accurately measure and quantify the timeliness

of information in real-time applications, it is essential to employ a suitable performance metric,

which jointly considers latency and status update frequency.

1.2.1 Age of Information

In order to fully characterize the freshness of delivered information, the concept of age of infor-

mation (AoI) was introduced as a new performance metric in [7], which is utilized to quantify

the freshness of a communication system from the perspective of the receiver. Specifically,

AoI is defined as the elapsed time since the last successfully received packet was generated by

the transmitter, which is a time metric that characterizes the latency in status update systems

and applications while considering the throughput of the system.

Figure 1.1: A source transmits state update packets to a destination through the wireless communica-
tion network.

A simple state update model is shown in Fig. 1.1, where a source S generates state update

packets and transmits them to the destination D via a wireless communication network. In this

system, let us denote V (t) as the generation time of the last successfully detected packet at D

and this introduces the AoI process ∆(t) shown in Fig. 1.2, which is characterized as

∆(t) = t −V (t). (1.1)
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Figure 1.2: An example of the AoI evolution in time.

In Fig. 1.2, these transmitted packets are generated at times t1, t2, . . . and received at the

time t ′1, t ′2, . . . . When the jth packet is successfully delivered to D, V (t) is updated as t j and thus

the AoI is reset to the delay that the packet experienced in the network, i.e., ∆(t ′j) = t ′j − t j.

In the absence of a newer update, the age process ∆(t) grows at unit rate, resulting in the

characteristic sawtooth pattern of the AoI process.

1.2.2 Time Average AoI

Given an AoI process ∆(t), the average AoI can be calculated using a sample average. In

particular, the time average AoI is given as

∆τ =
1
τ

∫
τ

0
∆(t)dt, (1.2)

where (0,τ) is the interval of observation and the ensemble average AoI can be obtained by

adopting τ → ∞. Considering that D receives the mth packet at the end of this time interval,

i.e., τ = t ′m, the integral part in (1.2), i.e.,
∫

τ

0 ∆(t)dt, is the sum of disjoint areas Q j, j =

{1,2, · · · ,m}, given by

∫
τ

0
∆(t)dt =

m

∑
j=1

Q j +
T 2

m

2
= Q1 +

T 2
m

2
+

m

∑
j=2

Q j. (1.3)

From Fig. 1.2, the area Q1 is a polygon and Q j is an isosceles trapezoid for j ≥ 2. Let denote

Yj = t j − t j−1 as the interarrival time, which is the time interval from the generation time of

j−1th packet to the generation time of jth packet, and Tj = t ′j − t j as the latency, which is the
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time interval from the generation time of jth packet to the time that jth packet is successfully

delivered to D. Hence, Q j can be derived from two isosceles triangles, i.e.,

Q j =
1
2
(Yj +Tj)

2 − 1
2

T 2
j =

Y 2
j

2
+YjTj. (1.4)

From (1.3), when τ → ∞, the impact of Q1 and T 2
m on the average AoI is negligible, i.e.,

limτ→∞
2Q1+T 2

m
2τ

= 0, because Q1 and T 2
m are finite. When Yj and Tj are stationary ergodic

processes, the average AoI is given as

∆ =

lim
m→∞

1
m−1

m
∑

j=2
Q j

E[Yj]
=

E[Q j]

E[Yj]
=

E[Y 2
j ]+ 2E[YjTj]

2E[Yj]
. (1.5)

The average AoI analysis in (1.5) can be applied to a wide range of service systems and it

does not make any particular assumption on the traffic pattern and the queue discipline. It is

noted that a substantial interarrival time Yj may lead to a small queue size, resulting in a low

waiting time and thus a low latency Tj. However, due to the correlation between Yj and Tj, the

evaluation of E[YjTj] may be challenging, making the average AoI analysis difficult.

The average AoI is suitable for applications where maintaining up-to-date information is

critical, such as real-time monitoring, surveillance systems, and distributed sensor networks.

By minimizing average AoI, systems can ensure that the information being used for decision-

making is as fresh as possible, leading to more accurate and timely responses.

1.2.3 Peak Age of Information

The peak age of information (PAoI) was introduced in [8] as the value of the AoI achieved

immediately before receiving an update, i.e., A j = Yj +Tj in Fig. 1.2, which provides insights

into the worst-case scenario for the freshness of information in a communication system. Note

that the PAoI is a discrete stochastic process and the time average PAoI over the interval of

observation (0,τ) is given as

Ωτ =
1

N(τ)

N(τ)

∑
i=1

A j, (1.6)

where N(τ) is the number of samples which completed service by τ . Under the stationary

ergodic processes of Yj and Tj, the time average PAoI is given as

Ω = E[Yj]+E[Tj]. (1.7)
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In (1.7), the average PAoI avoids the computation of E[YjTj] in the average of AoI, which

significantly reduces the complexity of the AoI performance analysis.

The PAoI is particularly relevant in safety-critical systems or applications where delays

in information updates can have severe consequences. For example, in autonomous vehicles

systems, ensuring that the maximum AoI remains within acceptable limits is crucial to prevent

accidents.

1.2.4 AoI Penalty

Apart from the AoI and the PAoI, the AoI penalty was introduced as a metric to measure the

dissatisfaction level of outdated data [9, 10]. A general non-decreasing function, v(·), named

the age penalty function, is utilized to characterize the importance level of packet freshness.

Then the AoI penalty is defined as a random process, given by

Ξ(t) = v(∆(t)) = v(t −V (t)). (1.8)

It is noted that keeping the average AoI penalty of the system small is equivalent to maintaining

the high value of information. Given an AoI penalty process Ξ(t), its time average is calculated

using a sample average, similar to the calculation of average AoI, given as

Ξτ =
1
τ

∫
τ

0
Ξ(t)dt (1.9)

within the interval of observation (0,τ). Note that the average AoI is a special case of average

AoI penalty, i.e., Ξ(t) = ∆(t), if v(t) = t. Since AoI penalty quantifies the cost or negative

consequence associated with an increase in the AoI within the system, it is relevant in appli-

cations where the impact of outdated information on decision-making processes needs to be

quantified and the form of AoI penalty function should be defined to characterize the impact.

Moreover, if the AoI penalty function is an indicator function, i.e.,

v(t) = 1{t>d} =

{
1, if t > d,

0, otherwise,
(1.10)

then the average AoI penalty is the AoI violation probability [11], which represents the frac-

tion of time that the AoI exceeds a given threshold d. This metric provides insights into the

reliability and consistency of information delivery in the system, which is valuable in applica-

tions where maintaining a certain level of freshness in information is required but occasional

delays or inconsistencies are tolerable. For instance, in communication networks with limited

bandwidth, it may be acceptable for the AoI to occasionally exceed a certain threshold as long

as it remains within acceptable bounds for the majority of the time.
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1.3 Literature Review

Since being introduced in [7], the concept of AoI has reaped a wide range of attention and

interest. The management of AoI holds significant importance in a wide range of real-time

applications. In these applications, effective management of AoI is essential for optimizing

system performance, enhancing decision-making processes, and ensuring the reliability. For

example, in monitoring applications, such as security monitoring and environmental sensing,

maintaining up-to-date information is critical for timely detection and response to events. Ef-

fective AoI management ensures that decision-makers have access to the most current data,

enabling proactive intervention and risk mitigation. In autonomous systems, maintaining cur-

rent situational awareness is essential for safe and efficient operation. Minimizing AoI enables

timely response to changing environmental conditions, detection of obstacles or hazards, and

effective navigation in dynamic environments.

In this section, we explore the existing research development to provide a comprehensive

and systematic review of the research conducted on the AoI. We further discuss the limitations

of existing research and identify the research directions that require additional exploration and

improvement.

1.3.1 AoI in Queue Theoretic Frameworks

The early research to employ the AoI as the performance metric for a state update delivery

system was conducted through a simple queuing model. As an efficient mathematical method-

ology, the queuing theory has been adopted to analyze the AoI performance of systems with

probabilistic events. The main system features and characteristics that need to be determined

are (i) the number of sources, (ii) the packet arrival process, (iii) the service process, (iv) the

queue discipline, (v) the number of servers, and (vi) the packet management strategy. Some

early studies assessing such features and characteristics are summarized as follows:

In [12], the authors studied the AoI performance in a first-come-first-served (FCFS) system

where three different queue models were considered, namely, M/M/1, M/D/1, and D/M/1.

The main result of this seminal work is to investigate the optimal packet arrival rate, according

to the serving rate, with respect to (w.r.t.) the AoI. Specifically, the authors pointed out that

keeping the server in the idle state within 47% of the time is optimal w.r.t. the average AoI in

the M/M/1 system. Apart from the deterministic and the specific exponentially distributed

packet generation process and service process, a generally distributed packet generation pro-

cess and service process has also been investigated. For example, a D/G/1 queue model was

studied in [13] and a G/G/1 queue model was studied in [14]. Considering different numbers

of servers, the authors of [15] investigated the AoI performance of the system with two servers

and an infinite number of servers, i.e., M/M/2 and M/M/∞ queue models. In addition, the

trade-off between the AoI performance and the use of network resources has been demon-
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strated. For example, the analysis of the single-user system in [12] was extended to multi-user

systems, where multiple users share a common queue [16, 17, 18]. The analysis illustrated the

impact of the competition among different users for service resources on the AoI performance.

Instead of the FCFS queuing discipline, a last-come-first-served (LCFS) queuing discipline

was proposed in [19], which was shown to achieve a lower average AoI than the FCFS queuing

discipline. Moreover, [19] discussed two different packet management strategies for the LCFS

system, namely, the preemption strategy and the non-preemption strategy. In the preemption

strategy, when a new packet is generated at the source, it is allowed to replace the current packet

in service. In contrast, for the non-preemption strategy, the new generated packet has to wait

for the current packet in service to finish. Furthermore, [20] considered the LCFS with non-

preemption strategy and investigated the effect of various buffer sizes on both the average AoI

and the PAoI. Due to the analytical difficulty of the average AoI, [21] introduced a stochastic

hybrid system (SHS) approach for AoI analysis. Aided with the proposed SHS approach,

the average AoI of the LCFS queuing discipline in tandem queue models was investigated in

[22, 23].

1.3.2 AoI Based Scheduling Policy Design

In multi-user systems, the scheduling policy plays a crucial role in determining the order in

which packets are selected for transmission to optimize the AoI performance. The prelim-

inary research work on AoI based scheduling policy design investigated and compared the

AoI performance of age-independent scheduling policies. In [24], the average AoI of three

different age-independent scheduling policies, i.e., round robin (RR), work-conserving non-

collision, and random access (RA), was analyzed. The authors further claimed that the RR

policy is the optimal packet arrival-independent scheduling policy to achieve the minimum av-

erage AoI. However, the packet arrival process of machine-type communications (MTC) may

be very sporadic in many practical cases, such as the external event-trigger MTC [25]. This

sporadic traffic nature makes the RR policy less attractive for achieving a better AoI perfor-

mance. Indeed, regardless of the activity of users, reserving dedicated resources for all users

leads to a long waiting time for some active users to transmit, which in turn increases the

AoI. Against this background, the impact of sporadic traffic nature of MTC systems on packet

arrival-independent scheduling policy design is required to be explored.

Apart from the AoI performance analysis of the age-independent scheduling policy, packet

scheduling policies have been designed based on the AoI of each user to optimize the AoI per-

formance of the system, starting with low-complexity scheduling policies design. The greedy

algorithm based scheduling policy was designed to optimize the average AoI in [26, 27]. With

formulating age minimization problem as a restless multi-armed bandit problem, a Whittle

index approach was introduced in [28] for the scheduling policy design to minimize the av-
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erage AoI in a multi-user system with a deterministic packet generation pattern and reliable

transmission links. Similar to the greedy algorithm based scheduling policy, the Whittle index

based scheduling policy gives each user an index and selects the user with largest index for

scheduling. In contrast to the myopic and current impact focus of the greedy algorithm, the

Whittle index approach is forward-looking, which considers not only the present impact on

AoI performance but also the future impact of decisions. Inspired by [28], considering the

practical signal propagation and packet generation pattern, [29, 30, 31] further extended the

system model to a stochastic packet generation model with unreliable transmission links, and

designed Whittle index based scheduling policies to minimize the average AoI. Motivated by

the power of learning approaches for problem solving, the reinforcement learning and deep

reinforcement learning based scheduling policies were designed in [32, 33, 34, 35, 36] to op-

timize the AoI performance. Although these designed scheduling policies almost achieve the

optimal AoI performance, they require a significant amount of data to build accurate models

and make informed decisions, since learning approaches make decisions based on past obser-

vations. This reliance on historical data can be problematic in dynamic and rapidly changing

environments where characteristics and traffic patterns of systems may evolve quickly.

Building upon the efforts on the linear AoI performance, increasing research efforts have

been devoted to designing the scheduling policy to optimize the general AoI penalty perfor-

mance. In [37], a threshold based scheduling policy was proposed to optimize a general aver-

age AoI penalty in network control systems. Considering the deterministic packet generation

model, [38] designed the Whittle index based scheduling policy to minimize the average AoI

penalty. However, only the deterministic packet generation model was considered in [38],

while the practice stochastic packet generation pattern remains unexplored. Against this back-

ground, it becomes essential to explore a low-complexity scheduling policy that minimizes

the general average AoI penalty with stochastic packet generation and unreliable transmission

links.

1.3.3 AoI in Mobile Edge Computing Systems

When data processing is computationally intensive, the user equipment (UE) with a limited

computing capacity results in time-consuming data processing, which seriously degrades the

AoI performance. To tackle this problem, mobile edge computing (MEC) was introduced

by the European Telecommunications Standard Institute in 2015 [39]. In MEC systems, the

server deployed at the network edge, called the edge server, is exploited to partially offload data

processing tasks from the UE. As the MEC server usually has sufficient computing capacity,

offloading can greatly reduce the computation time and save the UE’s energy [40, 41].

For computation offloading, the main challenge is to determine whether or not to offload

and how many data processing tasks should be offloaded [42]. The computation offloading
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decision is influenced by a number of parameters, such as the capacity of the MEC server,

the number of UEs, as well as the efficiency of wireless packet transmission [43]. In the

literature, significant attention has been given to the design of computation offloading strategies

in MEC systems, aiming to minimize execution latency [44, 45, 46, 47]. Alongside reducing

execution latency, other works have focused on additional objectives. For instance, [48, 49]

aimed to maximize the energy efficiency, while [50] sought to optimize system scalability with

the constraint of execution latency.

The AoI performance was firstly analyzed in point-to-point MEC systems. In [51], the AoI

performance was analyzed in two data processing scenarios, i.e., the complicated character-

istic extraction and classification in computer vision, and the optimal sampling and updating

rate was found to minimize the average AoI. Considering single-user scenarios, the offloading

policies were investigated in [52, 53]. Particularly, the authors of [53] proposed a partial of-

floading policy, where a proportion of computing tasks are offloaded to the edge server and the

remaining tasks are processed by the local server. By carefully partitioning tasks allocation, the

introduced partial offloading policy achieves the better AoI performance than other benchmark

policies. Moreover, the impact of packet management strategies on the AoI performance was

studied in [54, 55]. In particular, [54] studied the AoI performance of an MEC system with

the preemption policy and the non-preemption policy. The authors of [55] designed a cutoff

policy for an MEC system, where a fresh packet replaces the previous packet once the com-

putation time of the previous packet is larger than a threshold. Apart from offloading policies

and packet management strategies, [56] investigated the impact of different coding schemes on

the AoI performance and found that the multiple computations coding scheme minimizes the

average AoI of the MEC system.

Building upon the efforts on the MEC system with a single user, increasing research efforts

have been devoted to investigating the AoI performance of multi-user MEC systems. For ex-

ample, [57] derived the closed-form expression for the average PAoI and designed a min–max

optimization problem to minimize the maximum average PAoI of an MEC system. The authors

of [58] jointly designed a scheduling and status sampling policy to minimize the average AoI

of the MEC system. In addition, [59] designed the edge resource allocation to minimize the

average AoI of a multi-user MEC system.

Although the aforementioned studies have analyzed the AoI performance and designed

the scheduling policy to optimize AoI performance in different MEC systems, the solution to

the key problem: “How many computational tasks need to be offloaded in a multi-user MEC

system such that its AoI performance is optimized?” has not been clearly presented. This

necessitates further exploration and investigation.
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1.3.4 AoI in Short Packet Communications

Due to the requirement of low latency in real-time applications, an unprecedented restriction

on packet size is imposed. Indeed, short packet communications have been recognized as the

potential solution for meeting the low latency requirement [60]. However, compared with the

traditional long-packet communications, the transmission error in short packet communica-

tions is not negligible and highly depends on the blocklength of transmitted packets [61, 62].

Motivated by the benefits of short packet communications on latency reduction, the AoI

performance of short packet communications was analyzed to evaluate the impact of short

packets on the freshness of transmitted information. Specifically, [63] investigated the impact

of the packet blocklength on the delay and the PAoI in a single-user system. Considering

the same system, [64, 65] extended [63] to analyze the probability of the peak-age violation.

Focusing on a decode-and-forward relaying system, [66] estimated the impact of the packet

generation rate, the packet blocklength, and the blocklength allocation factor on the average

AoI. Moreover, [67] studied the optimal packet blocklength of non-preemption and preemp-

tion strategies for minimizing the average AoI, while [68] derived the average AoI and the AoI

violation probability in a downlink system. In [69], the impact of the packet blocklength on

the average AoI of a multi-user system under two transmission scheduling policies, i.e., RR

policy and maximum-age policy, was investigated. Considering a feedback mechanism, [70]

derived the average AoI under two protocols, i.e., the traditional protocol and the automatic

repeat request (ARQ) protocol, and determined the blocklengths to minimize the average AoI

for both protocols. Furthermore, the authors of [71] considered a hybrid ARQ (HARQ) pro-

tocol scenario and investigated the optimal packet blocklength to minimize the average AoI.

Focusing on the same system, a waiting policy was introduced in [72] to further improve the

AoI performance.

Due to the strong interdependence between transmission reliability and latency on the

packet blocklength, a critical problem arises concerning how to efficiently encode the col-

lected information for transmission. Finding an effective encoding strategy becomes essential

to improve AoI performance in short packet communication systems. In addition, it is essential

to explore the impact of the packet blocklength on the AoI penalty performance to gain deep

insights into the joint requirements of system reliability and timeliness.

1.3.5 AoI in Unmanned Aerial Vehicle Networks

Unmanned aerial vehicles (UAVs) are anticipated to play a vital role in future wireless net-

works, offering the potential to enable wireless communication and support high throughput

[73]. Their integration into communication systems holds promise for enhancing connectivity

and expanding the capabilities of wireless communication. A UAV-enabled network refers to

a communication infrastructure that leverages UAVs as flying relays to facilitate long-range
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and extended coverage wireless connectivity. This architecture extends the reach of wireless

networks, especially in scenarios where traditional terrestrial infrastructure is limited or un-

available [74]. In particular, UAVs act as mobile nodes that establish communication links

between distant locations or areas with poor network connectivity, which serve as relay nodes

that receive and transmit data packets between the source and destination, effectively creating

a communication path. Comparing with satellite-enabled networks, UAV-enabled networks

are more flexible and achieve lower propagation delay, which greatly improve the AoI perfor-

mance.

In UAV-enabled networks, research interests primarily revolve two key aspects, i.e., re-

source allocation design and trajectory planning, to improve the the AoI performance. On

one hand, resource allocation design involves investigating transmission budget allocation, in-

cluding the transmission channel and power assignment for UEs and UAVs scheduling. To

optimize the AoI performance, the scheduling policy was designed in [75, 76, 77]. In addition,

leveraging the spectral efficiency and throughput improvement of the non-orthogonal multiple

access (NOMA) technology [78], the transmission power allocation among multiple UEs was

designed to optimize the AoI performance in [79, 80, 81]. On the other hand, the trajectory

planning for UAVs involves determining the optimal path and motion of UAVs while consider-

ing various constraints and factors. The trajectory planning strategy was designed in [82, 83]

to optimize the AoI performance, where the UAV transmits packets to the scheduled UE ex-

clusively when it is directly positioned above the scheduled UE. Since the line-of-sight (LoS)

propagation may increase the received signal power, [84] proposed a trajectory planning strat-

egy to optimize the AoI performance with considering the impact of the altitude on the LoS

probability. Considering the energy constraints of UAV and IoT UEs, the trajectory planning

was investigated in [85, 86, 87, 88, 89, 90] to optimize the AoI performance. Given the com-

plexity of trajectory planning design, which often leads to a non-deterministic polynomial-time

(NP) problem, the deep reinforcement learning approach was employed in [91, 92, 93] to find

the near optimal trajectory planning strategy.

The aforementioned studies have investigated the resource allocation design and trajec-

tory planning in UAV-enabled networks with fixed networks where positions of UEs are fixed.

However, the mobility of UEs may lead to dynamic networks in practice, where the design of

resource allocation and trajectory planning in fixed networks cannot be applied into dynamic

networks. This necessitates further exploration and investigation.

1.3.6 AoI Based Prototypes

Recently, several research works concentrated on the AoI based prototype design to test the

AoI performance of medium access control (MAC) layer protocols on software-defined radio

platforms (USRPs). These efforts aim to explore and validate the practical implementation of
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AoI based protocols in real-world communication scenarios.

The authors of [94] developed and implemented a working testbed based on Ettus USRP

devices, ensuring time synchronization among all devices by employing a slotted access scheme

to access the channel medium. In [94], the designed prototype was utilized to test and compare

the AoI performance of recently proposed AoI oriented random access policies. The experi-

mental results demonstrated that the age-dependent random access policy performs better than

the age-independent random access policy by achieving the lower average AoI, which corrob-

orates well with existing analytical results. Inspired by [94], [95] implemented the prototype to

evaluate four packet management and scheduling policies, i.e., the RA policy, the FCFS with

tail drop policy, the FCFS with head drop policy, and the LCFS with packet discard policy.

The experimental results showed that the the LCFS with packet discard policy outperforms the

other three policies by achieving the lower average AoI. In addition, a WiFresh network ar-

chitecture was proposed in [96], which combined the polling multiple access mechanism, the

LCFS queuing policy, and the max-weighted scheduling policy. Prototypes of the proposed

WiFresh network architecture, as well as the WiFi network architecture based on IEEE 802.11

standard [97], were implemented by using USRP devices. The experimental results revealed

that the proposed WiFresh network architecture can significantly enhance the AoI performance

compared to an equivalent standard WiFi network, particularly under high load conditions.

1.4 Thesis Outline and Contributions

This thesis primarily focuses on the AoI analysis and optimization in wireless networks. Specif-

ically, we investigate the impact of different MAC layer and physical layer protocols, such as

scheduling policies, packet management strategies, and encoding schemes on the AoI perfor-

mance in various wireless networks, aiming to address the research gaps discussed in Sec-

tion. 1.3.2, 1.3.3, and 1.3.4. We also explore the impact of the information correlation for

UEs on the AoI based transmission protocol design in practical highly cooperative real-time

systems. The specific contributions of each chapter are detailed below:

Chapter 2 – Scheduling Policy Design for AoI Optimization

In Chapter 2, we explore the scheduling policy design to improve the AoI performance in multi-

user systems. In this chapter, we propose two different scheduling policies, i.e., a decentralized

uplink packet arrival-independent scheduling policy, and a centralized downlink packet arrival-

dependent scheduling policy. We present the main contributions of the two scheduling policies

design separately in this chapter, where the main contributions of the decentralized uplink

packet arrival-independent scheduling policy design are summarized as follows:

• We propose a novel scheduling policy to decrease the average AoI in an uplink multi-
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user MTC system. In particular, we design a repeated RA based scheduling policy, where

UEs transmit packets to the BS via a shared transmission block (TB) following the RA

policy, with a fixed number of repeated transmissions. Aided by simulation results, we

show that our proposed scheduling policy outperforms the RR policy by achieving a

lower average AoI, which demonstrates the benefits brought by the designed scheduling

policy into MTC systems.

• We derive closed-form expressions for the average AoI of three different package man-

agement strategies, i.e., the FCFS with one buffer size, the LCFS with preemption in

buffer, and the FCFS with infinite buffer size, in the proposed scheduling policy. Aided

by simulation results, we validate our theoretical analysis and examine the impact of

system parameters, such as the packet generation rate, the numbers of repeated trans-

missions and orthogonal frequency channels, and the transmission error probability, on

the average AoI.

The main contributions of the centralized downlink packet arrival-dependent scheduling

policy design are summarized as follows:

• We design a centralized packet arrival-dependent to minimize the general average AoI

penalty in a downlink multi-user system with stochastic packet arrivals and unreliable

channels. In particular, we first formulate the transmission scheduling problem as an

average cost constrained Markov decision process (CMDP) problem and derive the ap-

proximated Whittle index. Based on the approximated Whittle index, we propose a

transmission scheduling policy to minimize the general average AoI penalty.

• Our examination shows that our proposed policy achieves substantial AoI performance

improvement compared to the existing policies, for given non-decreasing functions. We

also investigate the impact of a heterogeneous scenario, where UEs have different dis-

satisfaction levels of the outdated data, on scheduling policy design and show that our

proposed policy achieves a larger AoI performance gain in the heterogeneous scenario

than the homogeneous scenario.

The results in this chapter have been presented in [98, 99], which is listed again for ease of

reference:

[98] Z. Tang, Z. Sun, N. Yang, and X. Zhou, “Age of information of multi-source systems

with packet management,” in Proc. IEEE Int. Conf. Commun. Workshop, Dublin, Ireland, Jun.

2020, pp. 1-6.

[99] Z. Tang, Z. Sun, N. Yang, and X. Zhou, “Whittle index-based scheduling policy for

minimizing the cost of age of information,” IEEE Commun. Lett., vol. 26, no. 1, pp. 54-58,

Jan. 2022.
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Chapter 3 – AoI Analysis and Optimization of MEC Systems

In Chapter 3, we investigate how many computational tasks in each packet should be offloaded

to the edge server, to optimize the AoI performance in a multi-user downlink MEC system.

The main contributions of this chapter are summarized as follows:

• We derive closed-form expressions for the average AoI and the average PAoI of three

computing schemes. Using simulations, we demonstrate the accuracy of our analysis

results. We also find that the edge computing scheme achieves the lowest average AoI

compared with the local computing scheme and the partial computing scheme when the

packet generation rate and the number of UEs are small. We further find that by carefully

partitioning the computational tasks, the partial computing scheme has a better system

stability than the other two computing schemes.

• We derive the upper bound and the lower bound on the average AoI. With a sporadic

packet generation pattern, we find that the average AoI is close to the average PAoI. We

further obtain the optimal offload ratio to minimize the average PAoI. Simulations show

that the gap between the optimal average AoI and the average AoI with the offloading

ratio to minimize the average PAoI is negligible regardless of the packet generation rate.

This optimal offloading ratio intuitively indicates what proportion of tasks should be

offloaded to minimize the average AoI and PAoI in a multi-user MEC system.

• We investigate the impact of the system parameters on the optimal offloading ratio of

the MEC system. We observe that the optimal offloading ratio is proportional to the

computation rate of the edge server and inversely proportional to the computation rate of

the local server and the number of UEs. We further find that the transmission rate hardly

affects the optimal offloading ratio in the partial computing scheme.

The results in this chapter have been presented in [100, 101], which is listed again for ease

of reference:

[100] Z. Tang, Z. Sun, N. Yang, and X. Zhou, “Age of information of multi-user mobile edge

computing systems,” IEEE Open J. Commun. Soc., vol. 4, pp. 1600-1614, Jul. 2023.

[101] Z. Tang, Z. Sun, N. Yang, and X. Zhou, “Age of information analysis of multi-user

mobile edge computing systems,” in Proc. IEEE Global Commun. Conf., Madrid, Spain, Dec.

2021, pp. 1-6.

Chapter 4 – AoI Analysis of Short Packet Communications

In Chapter 4, we investigate the AoI performance of short packet communication systems from

two aspects. In particular, we first investigate the impact of different packet encoding schemes

on the average AoI performance and then analyze the non-linear AoI penalty performance of
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short packet communication systems. We present the main contributions of the investigation

on encoding schemes and non-linear AoI performance separately in this chapter, where the

main contributions of the investigation on encoding schemes are summarized as follows:

• We derive closed-form expressions for the average AoI achieved by both encoding

schemes, i.e., the joint encoding scheme and the distributed encoding scheme. Through

these expressions, we identify the optimal blocklength of a packet that minimizes the

average AoI for both encoding schemes. Aided by simulations, we demonstrate the ac-

curacy of our analytical results. Moreover, we find that the block error rate has a more

significant impact on the average AoI for the distributed encoding scheme compared

to the joint encoding scheme. This insight highlights the importance of considering

characteristics of the encoding scheme to optimize the AoI performance in short packet

communication systems.

• We theoretically determine the condition when one encoding scheme has a better AoI

performance than the other. Using simulations, we demonstrate the accuracy of our

analytical results and discuss the appropriate option of the encoding scheme to decrease

the average AoI based on information redundancy and the number of sensors. Simulation

results also show that the distributed encoding scheme is more appropriate for systems

with a relatively large number of sensors, compared with the joint encoding scheme.

The main contributions of the analysis on non-linear AoI performance are summarized as

follows:

• We adopt a generalized α-β AoI penalty function to characterize the receiver’s dissat-

isfaction level on outdated data and derive closed-form expressions for the average AoI

penalty achieved by three packet management strategies, namely, the non-preemption

with no buffer (NPNB) strategy, the non-preemption with one buffer (NPOB) strategy,

and the preemption strategy, in a point-to-point short packet communication system. We

also find the conditions of α to guarantee the existence of a finite average AoI penalty.

• We derive the closed-form expression for the average AoI penalty achieved by the zero-

waiting policy and identify it as the lower bound on the average AoI penalty achieved by

NPNB and NPOB strategies. We also evaluate the impact of various system parameters,

such as the coding rate and status update generation rate, on the AoI penalty perfor-

mance. Additionally, we discover that the value of α reflects the requirement of the

system transmission reliability, providing valuable insights into optimizing AoI perfor-

mance in practical communication scenarios.

The results in this chapter have been presented in [102, 103], which are listed again for

ease of reference:
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[102] Z. Tang, N. Yang, P. Sadeghi, and X. Zhou, “The age of information of short-packet

communications: Joint or distributed encoding?” in Proc. IEEE Int. Conf. Commun., Seoul,

Republic of Korea, May 2022, pp. 2175-2180.

[103] Z. Tang, N. Yang, X. Zhou, and J. Lee, “Age of information penalty of short-packet

communications with packet management,” in Proc. IEEE Int. Conf. Commun., Rome, Italy,

May 2023, pp. 1-6.

Chapter 5 – AoI Based Transmission Scheme Selection

In Chapter 5, we study the AoI performance of a multi-user short packet communication system

and the impact of the correlation among the information for users on different transmission

schemes selection to optimize the AoI performance. The main contributions of this chapter are

summarized as follows:

• We derive new closed-form expressions for the average AoI of a multi-user system,

where we consider two transmission schemes with three packet management strategies,

i.e., the non-preemption strategy, the preemption in buffer strategy, and the preemption

in serving strategy. Aided by simulations, we demonstrate the accuracy of our analytical

results. We also find that the block error rate has a more significant impact on the av-

erage AoI for the unicast transmission scheme than the broadcast transmission scheme.

We further find that the non-preemption strategy achieves a lower average AoI than the

preemption in serving strategy in the broadcast transmission scheme, and the preemption

in buffer strategy achieves the lowest average AoI comparing with the non-preemption

and the preemption in serving strategies in the unicast transmission scheme.

• Considering the information correlation among UEs, we compare the average AoI

achieved by both transmission schemes with non-preemption strategy in a remote con-

trol system. In this system, with the feature of stochastic status update generation, we

derive the threshold of the information ratio between the broadcast transmission scheme

and the unicast transmission scheme to decide which transmission scheme is adopted.

We then show the relationship between this threshold and the number of UEs in two spe-

cial cases. We further find that the unicast transmission scheme achieves a lower average

AoI than the broadcast transmission scheme when the number of UEs is large.

• We then extend the comparative study of these two transmission schemes to a dynamic

system. In this system, we approximate the expected average AoI under the zero-waiting

policy. Based on the approximation result, we determine the approximated threshold

of the ratio between the individual information and the common information to decide

which transmission scheme is adopted. We observe that the increase in this ratio has a
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more pronounced impact on the average AoI for the broadcast transmission scheme than

the unicast transmission scheme.

The results in this chapter have been presented in [104, 105], which are listed again for

ease of reference:

[104] Z. Tang, N. Yang, P. Sadeghi, and X. Zhou, “Age of information in downlink systems:

Broadcast or distributed transmission?” IEEE J. Select. Areas Commun., vol. 41, no. 7, pp.

2057-2070, Jul. 2023.

[105] Z. Tang, N. Yang, P. Sadeghi, and X. Zhou, “Broadcast versus distributed short-packet

transmission: An age of information perspective,” in Proc. IEEE Int. Conf. Commun., Rome,

Italy, May 2023, pp. 1-6.



Chapter 2

Scheduling Policy Design for AoI
Optimization

2.1 Introduction

In this chapter, we propose two scheduling policies to improve the AoI performance in multi-

user systems. Considering the sporadic traffic nature of MTC, we propose a repeated RA

based scheduling policy to improve the AoI performance in Section 2.2. In Section 2.3, to ex-

plore a low-complexity scheduling policy that minimizes the general average AoI penalty with

stochastic packet generation and unreliable transmission links, we adopt Whittle’s approach

and design a Whittle index based scheduling policy.

2.2 Repeated Random Access Based Scheduling Policy

In this section, we propose a decentralized uplink scheduling policy in a multi-user system to

improve the average AoI performance. In our proposed policy, each UE generates its packet

through an independent and identical Bernoulli process at the beginning of each time slot, and

then randomly selects one channel from multiple orthogonal frequency channels to repeatedly

transmit its packet across multiple time slots. We then analyze the average AoI performance of

the system. Specifically, we derive new closed-form expressions for the average AoI achieved

by the proposed scheduling policy for three packet management strategies. The simulation re-

sults corroborate our analysis and demonstrate that the proposed scheduling policy can achieve

a lower average AoI than the existing policy for the considered packet management strategies.

In addition, the impact of system parameters, such as the packet generation probability, the

numbers of time slots and orthogonal frequency channels, and the channel error probability, on

the average AoI is examined.

This section is organized as follows. In Subsection 2.2.1, the system model and the average

AoI of the considered system are presented. The closed-form expressions for the average AoI

of three queuing policies are derived in Subsection 2.2.2. The numerical results and summary

19
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Figure 2.1: Illustration of our considered time-slotted system where N UEs transmit their status update
packets to the BS via a shared TB.

are provided in Subsection 2.2.3 and 2.2.4, respectively.

2.2.1 System Model

We consider a time-slotted system as depicted in Fig. 2.1, where N UEs transmit their status

update packets to a BS. In particular, N UEs, denoted by ΦU = {U1,U2, · · · ,UN}, which have

the homogeneous packet generation pattern transmit their generated packets to the BS via a

shared TB. The TB consists of M orthogonal frequency channels and TB time slots.

Each UE generates a packet at the beginning of each time slot with a probability λ indepen-

dently and then stores it in the queue until the beginning of a new TB. When a UE attempts to

transmit its packet at the beginning of a TB, this UE is referred to as an active UE and allowed

to access the channel through an RA policy. In particular, at the beginning of each time slot in

the TB, an active UE randomly, but following a uniform distribution, selects one channel from

M orthogonal frequency channels for its transmission1. After this selection, we assume that

this packet is repeatedly transmitted across all the TB time slots2. A collision occurs if there

are two or more packets transmitted in one channel simultaneously. Furthermore, we assume a

packet error probability ε for investigating collision-free packet transmission, where the packet

error is used to model the effect of practical channels on the transmitted short-length packets.

We assume that the BS successfully detects a packet only when the packet is not collided

with other packets and does not experience erroneous transmission, and refer to this packet

as the determinant packet. Otherwise, the transmission fails and the packet is dropped. If

1For example, in the slotted Aloha protocol, time is divided into discrete slots, and devices are only allowed to
transmit at the beginning of each time slot.

2Note that the repetition transmission is considered in this section to eliminate the feedback overhead.
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the BS successfully detects at least one replica of a UE’s packet during the TB, it is believed

that the packet successfully reaches the BS and the UE’s status is updated. We denote un(t),

n ∈ {1,2, . . . ,N}, as the generation time of the most recently detected packet from Un at time

slot t. The AoI of Un at the time slot t is thus given by

∆n(t) = t −un(t). (2.1)

In this system, we consider that T time slots are grouped into K TBs and each TB has TB time

slots, i.e., T = KTB. By averaging ∆n(t) over all UEs and the entire time duration, we obtain

the average AoI of the system as

∆ = lim
T→∞

1
T

T

∑
t=1

1
N

N

∑
n=1

∆n(t) =
1
N

N

∑
n=1

1
TB

TB

∑
τ=1

lim
K→∞

1
K

K

∑
k=1

∆n ((k−1)TB + τ)︸ ︷︷ ︸
∆n,τ

, (2.2)

where τ = 1,2, · · · ,TB. Without loss of generality, we arbitrarily select UE Un as the typical

UE and analyze its average AoI performance to evaluate the average AoI for the system. As

all UEs share the same packet generation probability and transmission protocol, they have an

identical AoI. Thus, the average AoI for the system in (2.2) can be written as

∆ =
1
TB

TB

∑
τ=1

∆n,τ . (2.3)

In this work, we consider three packet management strategies in the queues with various

buffer sizes. They are described as follows:

• FCFS-1: The queue of each UE stores only one packet and a newly generated packet is

dropped if there is already one packet in the queue.

• LCFS-1: The queue of each UE stores only one packet but a newly generated packet

replaces the previous packet in the queue. As a result, only the latest generated packet is

stored in the queue.

• FCFS-∞: The queue of each UE has an infinite-size buffer. All of generated packets

are stored in the queue and the service order of all the stored packets follows an FCFS

manner.

2.2.2 Average AoI Analysis

In this section, we first analyze the average AoI for the proposed policy. Based on this result,

we derive closed-form expressions for the average AoI by considering three packet manage-

ment strategies.
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We observe from (2.2) that the average AoI for the proposed policy can be obtained from

the average AoI of a UE at each time slot. In order to derive the average AoI of a UE at

each time slot during the TB, we first analyze the ∆n,TB . According to the system model, it is

known that when a packet is generated by a UE, it needs to wait in the UE’s queue until the

beginning of a new TB. In particular, if the UE Un transmits a packet in the kth TB, defined as

the event An,k, the waiting time of this packet is Wn,k = (k− 1)TB −Vn,k, where Vn,k denotes

the generation time of this packet. Otherwise, there is no packet in Un’s queue and the waiting

time is zero. Thus, we express the waiting time of a packet as

Wn,k =

(k−1)TB −Vn,k, An,k,

0, otherwise.
(2.4)

It is worthwhile to note that if Un transmits a packet in the first TB, i.e., k = 1, this packet is

generated before the time of zero, and its waiting time is from the generation time to the time

of zero, i.e., Vn,1 ≤ 0 and Wn,1 = −Vn,1.

When Un transmits a packet and the BS successfully detects this packet in kth TB, i.e., the

event Cn,k happens, the AoI of Un at the end of this TB is ∆n(kTB) =Wn,k +TB. Otherwise, the

AoI of Un at the end of this TB is ∆n(kTB) = ∆n((k−1)TB)+TB. Thus, the AoI of Un at the

end of this TB is given by

∆n (kTB) =

Wn,k +TB, Cn,k,

∆n((k−1)TB)+TB, otherwise.
(2.5)

By exploiting the probability that the event Cn,k happens, denoted by Pr(Cn,k), we obtain

E[∆n(kTB)] =TB +Pr(Cn,k)Wn,k +(1−Pr(Cn,k))∆n((k−1)TB). (2.6)

The probability Pr(Cn,k) in (2.6) is derived as

Pr(Cn,k) = Pr(Cn,k,An,k) = Pr(An,k)Pr(Cn,k|An,k) = Pr(An,k)
N−1

∑
n′=0

Pr(Bn′,k)Pr(Cn,k|An,k,Bn′,k)

= Pa

N−1

∑
n′=0

(
N −1

n′

)
Pn′

a (1−Pa)
N−1−n′Ψ (n′,TB) , (2.7)

where

Ψ (µ ,ν) = 1−
(

1−
(

1− 1
M

)µ

(1− ε)

)ν

. (2.8)

In (2.7), Bn′,k denotes the event that there are n′ UEs, out of N−1 UEs, transmitting the packet
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in the kth TB and Pa denotes the update probability which evaluates the likelihood that the

event An,k happens. Due to the independent and identical packet generation process for N

UEs, Pa is same for all UEs.

When the system reaches the steady-state, we have

Pr(Cn,k) = Pr(Cn,k+1),∀k (2.9)

and

∆n,TB = E[∆n(kTB)] = E[∆n((k+ 1)TB)]

= TB

(
Pa

N−1

∑
n′=0

(
N −1

n′

)
Pn′

a (1−Pa)
N−1−n′Ψ (k,TB)

)−1

+Wn, (2.10)

where the expectation is taken over all the K TBs. In (2.10), Wn is the average packet waiting

time in the queue of Un, which can be computed as

Wn = lim
K→∞

∑
K
k=1Wn,k

∑
K
k=1 1(An,k)

. (2.11)

Based on the analysis of ∆n,TB , we next derive ∆n,τ , where τ = 1,2, · · · ,TB −1. At the BS,

we denote Cτ
n,k as the event that the BS successfully detects a packet of Un during the first τ time

slots of the kth TB. Similar to the derivation of Pr(Cn,k), the probability Pr(Cτ
n,k) is computed

as

Pr(Cτ
n,k) =Pa

N−1

∑
n′=0

(
N −1

n′

)
Pn′

a (1−Pa)
N−1−n′Ψ (n′,τ) . (2.12)

Moreover, similarly to obtain (2.5), the AoI of Un at the τth time slot in kth TB can be derived

as

∆n ((k−1)TB + τ) =

Wn,k + τ , Cn,k,

∆n ((k−1)TB)+ τ , otherwise.
(2.13)

Based on (2.12) and (2.13), we obtain

E[∆n((k−1)TB + τ)] = τ +Pr(Cτ
n,k)Wn,k +(1−Pr(Cτ

n,k))∆n((k−1)TB). (2.14)

By averaging over all the K TBs, we obtain ∆n,τ , where τ = 1,2, · · · ,TB −1, as

∆n,τ = (1−Pc,τ)∆n,TB +Pc,τWn + τ , (2.15)
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where ∆n,TB is derived in (2.10). Moreover, Pc,τ is the average probability that the event Cτ
n,k

happens, given by

Pc,τ = Pr
(
Cτ

n,k
)
= Pr

(
Cτ

n,k+1
)

, (2.16)

which is due to the independent and identical packet generated process of N UEs. Based

on the expression for the average AoI in (2.2), we obtain the desired AoI result, ∆n,τ with

τ = 1,2, · · · ,TB, by combining the expressions in (2.10) and (2.15).

We note that both the update probability of a UE and the average waiting time of a packet

are associated with the employed packet management strategy and the buffer size. Thus, we

next analyze Pa and Wn in three different packet management strategies in the following sub-

sections.

2.2.2.1 FCFS-1 and LCFS-1 Systems

In this subsection, we first derive the update probability of a UE and the average waiting time

of a packet in the FCFS-1 system. Then we derive them in the LCFS-1 system.

In the FCFS-1 system, only the packet generated during the kth TB is transmitted to the

BS at the (k+ 1)th TB. Thus, the update probability Pa in the FCFS-1 system is given by

Pa,F = 1− (1−λ )TB , (2.17)

and the probability mass function (PMF) of the generation time of a packet within a TB is

given by

Pr
(
V F

n,k = t|An,k
)
=

λ (1−λ )t−1

Pa,F
, (2.18)

where V F
n,k is Vn,k for the FCFS-1 system. Based on (2.18), (2.4), and (2.11), we obtain the

average waiting time of a packet as

W F
n =

λ

Pa,F

TB

∑
t=1

(1−λ )t−1(TB − t) =

(
TB −1
Pa,F

−
(1−λ )

(
1− (1−λ )TB−1

)
λPa,F

)
, (2.19)

where W F
n is Wn for the FCFS-1 system. By integrating (2.17) and (2.19) into (2.10), we obtain

∆n,TB in the FCFS-1 system. Then, by integrating (2.10) into (2.15) and (2.2), the average AoI

of the FCFS-1 system is obtained.

Similarly to the FCFS-1 system, there is only one packet stored in the queue for the LCFS-1

system. Thus, the update probability is computed as

Pa,L = 1− (1−λ )TB , (2.20)
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which is the same as (2.17). Since the latest packet in the queue is served first in the LCFS-1

system, the PMF of the generation time of a packet within a TB is given by

Pr
(
V L

n,k = t|An,k
)
=

λ (1−λ )TB−t

Pa,L
, (2.21)

where V L
n,k is Vi,k for the LCFS-1 system. Then, the average waiting time of a packet is obtained

as

W L
n =

λ

Pa,L

TB

∑
t=1

(1−λ )TB−t(TB − t) =

(
(1−λ )

(
1− (1−λ )TB−1

)
λPa,L

− (TB −1)(1−λ )TB

Pa,L

)
,

(2.22)

where W L
n is Wn for the LCFS-1 system. By integrating (2.20) and (2.22) into (2.10), we obtain

∆n,TB in the LCFS-1 system. Then by integrating (2.10) into (2.15) and (2.2), the average AoI

of the LCFS-1 system is obtained.

2.2.2.2 FCFS-∞ System

In this subsection, we consider the FCFS system with an infinite-size buffer, i.e., the FCFS-∞

system. For the FCFS-∞ system, since there are two or more packets in the queue, the update

probability and the average waiting time are associated with the queue state, i.e., the number

of packets in the queue. Then, we first analyze the queue state as a Markov process.

Due to the same pattern of N UEs, the queue state of each UE follows an independent and

identical Markov process. Without loss of generality, we denote πT+
B

as the queue state of the

typical UE, Un, at the beginning of the TB after a new packet transmitted and πT+
B
(k) = s as

the queue containing s packets at the beginning of kth TB. We note that only when the packet

generating rate is less than its serving rate, the queue state is stable, i.e., TBλ < 1. We denote

pT+
B

as the stationary probability distribution of πT+
B

and pT+
B
(s) as the stationary probability of

that there are s packets in the queue at beginning of the TB after a new packet being transmitted.

Based on the state transition probability of the queue, we obtain pT+
B
(s+ 1) as

pT+
B
(s+ 1) =


pT+B

(0)−P1 pT+B
(0)

P0
−P1 pT+

B
(0), s = 0,

pT+B
(s)−∑

TB
t=1 Pt pT+B

(s+1−t)

P0
, s = 1,2, · · · ,

(2.23)

where Pt is the probability that there are t packets generated in one TB, which is given by

Pt =

(
TB

t

)
λ

t(1−λ )TB−t . (2.24)



26 Scheduling Policy Design for AoI Optimization

We denote GT+
B
(Z) as the probability generating function (PGF) of pT+

B
, which is given by

GT+
B
(Z) =

∞

∑
s=0

pT+
B
(s)Zs = pT+

B
(0)(1−Z)+

Z
P0

GT+
B
(Z)− 1

P0
(A(Z)−P0)GT+

B
(Z), (2.25)

where A(Z) is the PGF of the geometric distribution with the parameter λ , expressed as

A(Z) = (1−λ +λZ)TB . (2.26)

By integrating (2.26) into (2.25), we simplify the expression for GT+
B
(Z) as

GT+
B
(Z) =

P0 pT+
B
(0)(1−Z)

(1−λ +λZ)TB −Z
. (2.27)

Based on the property of the PGF [106], we obtain

GT+
B
(Z)|Z=limδ→0 1−δ = 1. (2.28)

Then, the expression for GT+
B
(Z) can be further simplified as

GT+
B
(Z) =

(1−TBλ )(1−Z)
(1−λ +λZ)TB −Z

. (2.29)

We then analyze the queue state at the beginning of the TB before a new packet being

transmitted and denote its stationary distribution as pT−
B

. Specifically, the relationship between

pT−
B

and pT+
B

is formulated as

pT+
B
(s) =

pT−
B
(0)+ pT−

B
(1), s = 0,

pT−
B
(s+ 1), s = 1,2, · · · ,

(2.30)

and

pT−
B
(0) =

P0

1−P0
pT−

B
(1). (2.31)

From (2.29), (2.30), and (2.31), we obtain pT−
B
(0) = 1−TBλ . Thus, the update probability of

each UE in the FCFS-∞ system is given by

Pa,∞ = 1− pT−
B
(0) = TBλ . (2.32)

We next derive the average waiting time in the queue of Si in the FCFS-∞ system, denoted

by W ∞
i . As there is an infinite buffer size to be considered, the waiting of a packet is caused

by the transmission of previously generated packets. These packets include both the packets

generated in previous TBs and the packets generated in the same TB. For the packets generated
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in previous TBs, they may lead to the waiting time of the packet as

W ∞,1
m = E[sqTB] = TBE[πT+

B
] =

T 2
B (TB −1)λ 2

2(1−TBλ )
, (2.33)

where sq is the number of packets which are waiting to be served in the queue but generated

during the previous TB when the determinant packet enqueues. For the packets generated in

the same TB as the determinant packet, they may lead to the waiting time of the packet as

W ∞,2
n = E[sgTB +(TB − τ)] =

TB

∑
τ=1

τ−1

∑
sg=0

Pr(sg,τ)(sgTB +(TB − τ))

=
TB −1

2
+

TB(TB −1)
2

λ , (2.34)

where sg is the number of packets which are generated before the determinant packet generated

in the same TB and Pr(sg,τ) is the joint probability distribution of sg and τ , given by

Pr(sg,τ) =
1
TB

(
τ −1

sg

)
λ

sg(1−λ )τ−1−sg . (2.35)

By jointly considering W ∞,1
n and W ∞,2

n , the average waiting time of a packet for the FCFS-∞

system is obtained as

W ∞
n =W ∞,1

n +W ∞,2
n . (2.36)

By integrating (2.32) and (2.36) into (2.10), we obtain ∆n,TB in the FCFS-∞ system. Then

by integrating (2.10) into (2.15) and (2.2), the average AoI of the FCFS-∞ system is obtained.

2.2.3 Numerical Result and Discussion

In this section, we present numerical results to validate our theoretical analysis in Section 2.2.2.

Moreover, we evaluate the impact of various parameters on the average AoI of the proposed

policy, including the packet generation probability, the number of time slots and the number of

orthogonal frequency channels within a TB, and the channel error probability.

Fig. 2.2 plots the average AoI versus the packet generation probability λ . We first observe

that the analytical result for the average AoI tightly matches Monte Carlo simulations. Then

we observe that when λ increases, the average AoI first decreases and then increases. This

implies that there is an optimal value of λ to minimize the average AoI. This observation is due

to the fact that the increase in λ results in a two-fold effect on the average AoI via the update

probability and the collision probability. In particular, when λ increases from a very low value,

the increasing update probability dominantly and positively affects the average AoI. When the

value of λ exceeds a certain threshold, the collision probability increases significantly, thereby
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Figure 2.2: The average AoI versus the packet generation probability λ with N = 40, M = 4, TB = 5,
and ε = 0.01.

degrading the AoI performance. We further observe that the average AoI in FCFS-1 and LCFS-

1 systems are almost the same and the advantage of the LCFS-1 system over the FCFS-1 system

is not obvious. This is due to the fact that we have chosen a very small TB. In addition, we

observe that the gap between the average AoI in FCFS-∞ and FCFS-1 systems increases when

λ increases. This is because both the update probability and the collision probability in the

FCFS-∞ system increases faster than those in the FCFS-1 system.

Fig. 2.3 plots the average AoI versus the number of time slots within a TB, TB. We observe

from the figure that when TB increases, the average AoI first decreases and then increases.

This is due to the fact that on one hand, using more time slots in a TB leads to a higher

successful probability for a UE, which in turn decreases the average AoI. On the other hand,

using more time slots in a TB results in a long waiting time of a packet in the queue, which

increases the average AoI. Then, we observe that the optimal number of time slots within a

TB can be obtained to minimize the average AoI for FCFS-1 and LCFS-1 systems. Moreover,

by comparing the average AoI of FCFS-1, LCFS-1, and RR-1 systems, we find that both the

LCFS-1 system and the FCFS-1 system exhibit a better AoI performance than the RR-1 system
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Figure 2.3: The average AoI versus the number of time slots in a TB, TB, with N = 40, λ = 0.01,
M = 10, and ε = 0.01.

under a particular range of TB. This is because of that the RR policy is less efficient for sporadic

traffic systems. Furthermore, we find that the average AoI gap between the FCFS-1 system and

LCFS-1 system increases when TB increases, which clearly shows the advantage of the LCFS-1

system.

Fig. 2.4 plots the average AoI of FCFS-1 and RR-1 systems versus the number of channels

within a TB, M. We first observe that the average AoI of both FCFS-1 and RR-1 systems

decreases when M increases. Moreover, we observe that when the channel error probability

increases, the average AoI of the RR-1 system dramatically increases while the average AoI of

the FCFS-1 system slightly increases. This demonstrates that in terms of the average AoI, the

proposed system is more robust to channel errors than the RR-1 system.

2.2.4 Summary

In this section, we proposed an RA based scheduling policy which aims at improving the AoI

performance of a multi-user system. In this system, the packet of each UE was generated by an

independent and identical Bernoulli process at the beginning of each time slot and transmitted
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Figure 2.4: The average AoI versus the number of channels in a TB, M, with λ = 0.01, TB = 3, and
N = 40.

to the BS via a shared TB, which consists of M orthogonal frequency channels and TB time

slots. We derived closed-form expressions for the average AoI for three packet management

strategies, i.e., FCFS-1, LCFS-1, and FCFS-∞. With numerical results, we demonstrated the

accuracy of our analysis and examined the performance advantage of our proposed scheduling

policy relative to the existing ones. Importantly, we found the optimal number of repeated

transmission times to minimize the average AoI.

2.3 Whittle Index Based Scheduling Policy

In this section, we design a centralized downlink scheduling policy to minimize the general

non-decreasing penalty function of the AoI in a multi-user system. In this system, the BS

stochastically generates time-sensitive packets and transmits them to corresponding UEs via

an unreliable channel. We first formulate the transmission scheduling problem as an average

cost CMDP problem. By introducing a constant service charge, we derive the approximated

expression for the Whittle index, based on which we design the scheduling policy. Using
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numerical results, we demonstrate the performance gain of our designed scheduling policy

compared to the existing policies, such as the optimal policy, the on-demand Whittle index

policy, and the age greedy policy.

This section is organized as follows. In Subsection 2.3.1, the system model and the aver-

age AoI penalty of the considered system are presented. The Whittle index based scheduling

policy is designed in Subsection 2.3.2. The numerical results and summary are provided in

Subsection 2.3.3 and 2.3.4, respectively.

2.3.1 System Model and Problem Formulation

We consider a time-slotted multi-user system, where the BS transmits packets to N different

UEs, denoted by ΦU = {U1,U2, · · · ,UN}. We assume that there are N buffers at the BS, each of

which corresponds to one UE. At the beginning of each time slot, the BS generates the packet

of Un with a probability λn, n ∈ {1,2, . . . ,N}3. When the packet of Un is generated, it is stored

in its corresponding buffer. We further assume that each buffer stores one packet such that the

newly generated packet replaces the previous one in the buffer.

We assume that the BS schedules at most one packet transmission in each time slot, and

hence, only the packet of one UE can be transmitted at a time. We denote a binary variable

ζn(t) = {0,1} as the scheduling indicator of Un during time slot t. If Un is scheduled for

transmission during time slot t, ζn(t) = 1. Otherwise, ζn(t) = 0. Thus, we obtain

N

∑
n=1

ζn(t) ≤ 1,∀t. (2.37)

We assume that during each time slot, packet transmission occurs prior to new packet genera-

tion. Thus, only the packets generated in previous time slots can be transmitted by the BS.

By considering practical signal propagation between the BS and UEs, the transmitted pack-

ets may not be successfully detected by UEs. We denote a binary variable δn(t) = {0,1} as an

indicator of whether or not Un successfully detects its packet transmitted by the BS during time

slot t. If the packet is successfully detected by Un during time slot t, δn(t) = 1. Otherwise,

δn(t) = 0. The transmission error probability of Un is denoted by εn, i.e., Pr(δn(t)=0) = εn.

When Un successfully detects a packet, it immediately sends back an acknowledgment (ACK)

to the BS via an error-free control channel. The feedback overhead is assumed to be negligible

as the ACK length is much smaller than the packet length. Once an ACK is received from

Un, the BS empties the corresponding buffer by dropping the successfully received packet.

Otherwise, this packet is held in the buffer.

We denote Vn(t) as the generation time of the last successfully detected packet at Un during

3We assume that the packet generation process is independent but not identical among UEs.
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time slot t. Then, the AoI of Un during time slot t is given by

hn(t) = t −Vn(t). (2.38)

Let us define Wn(t) as the generation time of the newest generated packet of Un. Until time slot

t, the queuing delay of this packet is computed as an(t) = t −Wn(t). The duration between the

generation time of the last successfully detected packet and that of the newest generated packet

is dn(t) = Wn(t)−Vn(t). Then, we express the AoI of Un as hn(t) = an(t)+ dn(t). Thus, the

evolution of the AoI of Un is given by

hn(t + 1) =

{
an(t)+ 1, if ζn(t)δn(t) = 1,

hn(t)+ 1, otherwise.
(2.39)

It is noted that when the BS successfully transmits a packet to Un but does not generate a

new packet, this successfully transmitted packet is considered as the newest generated packet.

When this happens, we have dn(t) = 0 and hn(t) = an(t).

Based on (2.38), we define the average AoI penalty as

Ξ = lim
T→∞

1
T N

T

∑
t=1

N

∑
n=1

v(hn(t)), (2.40)

where v(hn(t)) is a general non-decreasing function of AoI, characterizing the importance

level of packet freshness. We observe from (2.39) that the AoI is determined by the adopted

transmission scheduling policy, i.e., ζn(t). Thus, we can optimize the transmission scheduling

policy to minimize the average AoI penalty in (2.40). The optimization problem is formulated

as

Ξc = min
c∈C

lim
T→∞

1
NT

T

∑
t=1

N

∑
n=1

v(hn(t)),

s.t.
N

∑
n=1

ζn(t) ≤ 1,∀t, (2.41)

where C denotes the set of all potential transmission scheduling policies. In fact, this opti-

mization problem is an infinite time horizon average cost CMDP problem, with the state space

{(a1(t),d1(t)), · · · , (aN(t),dN(t))}. We note that, due to the countably infinite state space of

(2.41), it is infeasible to obtain the optimal scheduling policy by using conventional CMDP

methods, e.g., value iteration and policy iteration. To address this infeasibility, we exploit

the Whittle index method to obtain a sub-optimal scheduling policy. In particular, we intro-

duce a constant service charge m as the minimum service charge of the system to schedule

transmission [107]. Based on this introduction, we decouple the original CMDP problem into
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sub-problems with a smaller state space, where each sub-problem only involves one UE. There-

fore, in order to solve the problem in (2.41), we optimize the average AoI penalty of each UE

individually by a Lagrange function with a multiplier m, given by

J∗ = min
u(t)∈{0,1}

1
T

T

∑
t=1

E
[
v
(
a(t)+ d(t)(1−u(t)δ (t))

)
+mζ (t)

]
. (2.42)

Since the AoI analysis for each UE is identical, we omit the index n from an(t), dn(t), ζn(t),

and δn(t) in (2.42) to allow easy readability. Finally, to guarantee the existence of a fi-

nite average AoI penalty, we clarify that the penalty function of AoI, v(h), needs to satisfy

∑
∞
k=0 εkv(k) < ∞ and ∑

∞
k=0(1− λ )kv(k) < ∞. Otherwise, the average AoI penalty goes to

infinity.

2.3.2 Index Policies

In this section, we analyze the Whittle index and then design the scheduling policy. Since

the indexability is difficult to establish and the closed-form expressions for the Whittle index

may not exist [30], we refer to find the approximated value of Whittle index to design the

scheduling policy. To analyze the Whittle index, we first obtain the minimum average AoI

penalty by solving (2.42). Here, we omit the time index t and present the Bellman equation as

J∗+ρ(a,d) = min{µ0(a,d), µ1(a,d)} , (2.43)

where

µ0(a,d) =v(a+d)+λρ(1,a+d)+(1−λ )ρ(a+1,d), (2.44)

µ1(a,d) =m+ε(v(a+d)+λρ(1,a+d)+(1−λ )ρ(a+1,d))

+(1−ε) (v(a)+λρ(1,a)+(1−λ )ρ(a+1,0)) , (2.45)

and ρ(a,d) is the differential cost-to-go function with ρ(1,0)= 0. We assume that given a,

ρ(a,d) in (2.43) is non-decreasing with d, i.e., ρ(a,0) ≤ ρ(a,1) ≤ ρ(a,2) ≤ ·· · . Based on

this, the optimal policy in (2.42) is proven to be threshold-based [108], denoted by cD. In

particular, the action of state (a,d) is to idle when d < Da, and to schedule when d > Da,

where Da is the threshold and satisfies D1 ≤ D2 ≤ ·· · ≤ Da ≤ ·· · . In addition, both idle and

schedule actions are equally appealing for state (a,Da). Thus, the design of this threshold-

based policy cD is equivalent to obtain the threshold Da. Unfortunately, all states (a,d) are

deeply intertwined when ε ̸= 0, making it extremely challenging to derive the closed-form

expressions for the threshold Da. Thus, we resort to its approximation by setting the integer

threshold Da and analyze the threshold Da in the following Theorem.
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Theorem 2.1. For the threshold-based policy cD, the approximated integer threshold Da satis-

fies

λεω(a+Da)+ψ(a+Da)− εθ (D1 + 1)

=
1

D1

(
a+

1
λ
−1
)(

m
1−ε

+
D1

∑
h=1

v(h)

)
−

a−1

∑
h=1

v(h), (2.46)

for a < D1, and

ψ(a+Da)+λεω(a+Da) =
m

1− ε
+ψ(a)+λεω(a), (2.47)

for a≥D1, where θ (h) =∑
∞
k=0 εkv(h+k), ψ(h)=∑

∞
k=0(1−λ )kv(h+k), and ω(h)=∑

∞
k=1 εk−1θ (h+

k) if ε =1−λ ; otherwise, ω(h) = (ψ(h)−θ (h))/(1−λ − ε).

Proof: We first give the approximated expression for ρ(a,d) as

ρ(a,d)=



(a+d−1)J∗−
a+d−1

∑
h=1

v(h) , if 1≤a+d ≤ D1,

m
1−ε

− J∗

λ
+λεω(a+ d) if a+d > D1

−εθ (D1+1)+ψ(a+ d) , and d ≤ Da,

ρ(a,Da)+ε (θ (a+d)−θ (a+Da)) , otherwise.

(2.48)

We then prove that (2.48) is a valid approximation to (2.43).

Since the threshold Da can be obtained by computing ρ(a,d), we analyze ρ(a,d) for

d > Da and d ≤ Da, separately.

We first analyze ρ(a,d) for d > Da. For the threshold-based policy cD with the thresh-

old Da, the optimal action of state (a,d) is to schedule, when d > Da. Then we define

ρ (1)(ξ ;α ,σ) ≜ ρ(ξ ,α)−ρ(ξ ,σ). Given a, we obtain ρ (1)(1;d,Da) as

ρ
(1)(1;d,Da) = ε(θ (d + 1)−θ (Da + 1))+

a−1

∑
k=1

(
λ (1−λ )k−1(

ρ
(1)(k;d + a− k,Da + a− k)

− ε(θ (d + a)−θ (Da + a))
)
+(1−λ )a−1(

ρ
(1)(a;d,Da)− ε (θ (d + a)−θ (Da + a))

))
.

(2.49)

Since (2.49) holds for any a, we obtain

g(1,d)=
a−1

∑
k=1

λ (1−λ )k−1g(k,a+d−k)+(1−λ )a−1g(a,d), (2.50)

where g(a,d)=ρ (1)(a;d,Da)− ε(θ (a+d)−θ (a+Da)). We find that g(a,d) = 0 is a valid
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solution to (2.50). Thus, we obtain ρ(a,d) for d > Da as (2.48).

We then analyze ρ(a,d) for d ≤ Da. For the threshold-based policy cD with the threshold

Da, the optimal action of state (a,d) is to idle, when d < Da. Then, we obtain ρ(a,d) as

ρ(a,d) =− J∗+v(d+a)+λρ(1,d+a)+(1−λ )ρ(a+ 1,d)

=− J∗+v(d+a)+λρ(1,D1)+ελ (θ (a+d+1)−θ (D1+1))+(1−λ )ρ(a+ 1,d),

(2.51)

for any a, d, and k satisfying d ≤ Da and a+ d > D1. Expanding the last term recursively, we

obtain

ρ(a,d)=
k−1

∑
s=0

(1−λ )s (−J∗+v(d+a+s)+λρ(1,D1))

+ελ

k−1

∑
s=0

(1−λ )s(θ (a+ d + 1+ s)−θ (D1 + 1))+(1−λ )k
ρ(a+k,d)

=ρ(1,D1)−
J∗

λ
+λεω(a+d)−εθ (D1+1)+ψ(a+d)

+(1−λ )k(
ρ(a+k,d)−ρ(1,D1)+

J∗

λ
−λεω(a+d+k)+εθ (D1+1)−ψ(a+d+k)

)
,

(2.52)

From (2.52), we obtain ρ(a,d) as

ρ(a,d) =ρ(1,D1)−
J∗

λ
+λεω(a+ d)− εθ (D1 + 1)+ψ(a+ d), (2.53)

for a+ d ≥ D1. In addition, we observe from (2.53) that ρ(a1,d1) = ρ(a2,d2) for any a1, a2,

d1<Da1 , and d2<Da2 . By combining (2.43) with ρ(a1,d1) = ρ(a2,d2), we obtain

ρ(a,0) = J∗− v(a−1)+ρ(a−1,0) = (a−1)J∗−
a−1

∑
h=1

v(h), (2.54)

for a ≤ D1. If Da is an integer, we clarify that both actions for the state (a,Da) are optimal and

formulate it as

µ0(a,Da) = µ1(a,Da). (2.55)

Based on (2.55), we obtain

ρ(a,Da) = µ0(a,Da)− J∗ = m− J∗+ εµ0(a,Da)+ (1− ε)µ0(a,0)

= m+ ερ(a,Da)+ (1− ε)ρ(a,0). (2.56)
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Hence, we obtain ρ(a,Da) as

ρ(a,Da) =
m

1− ε
+ρ(a,0). (2.57)

Moreover, based on ρ(1,0) = 0, we obtain

ρ(1,D1) =
m

1− ε
+ρ(1,0) =

m
1− ε

. (2.58)

By substituting (2.58) into (2.53) and combining (2.53) with (2.54), we obtain the solution

of ρ(a,d) for d < Da as the first and the second cases in (2.48). Furthermore, by combining

(2.48) with µ0(1,D1)=µ1(1,D1), weexpress the optimal AoI, J∗, as a function of the threshold

D1 and the service charge m, given by

J∗ =
1

D1

(
m

1− ε
+

D1

∑
h=1

v(h)

)
. (2.59)

We then show that ρ(a,d) is non-decreasing with d. Since ρ(a,d) are given for three cases

in (2.48), we first prove that ρ(a,d) is non-decreasing with d for these three cases separately.

We note that ψ(h), θ (h), and ω(h) are non-decreasing functions with h, since v(h) is a non-

decreasing function with h. Based on the expression for ρ(a,d) in (2.48), we obtain Based on

the expression for ρ(a,d) in (2.48), we obtain

ρ(a,d2)−ρ(a,d1) = ε(θ (a+ d2)−θ (a+ d1))≥ 0, (2.60)

if Da ≤ d1 ≤ d2. Differently, if d1 ≤ d2 ≤ Da and D1 < a+ d1 ≤ a+ d2, we obtain

ρ(a,d2)−ρ(a,d1)=λε(ω(a+d2)−ω(a+ d1))+(ψ(a+d2)−ψ(a+d1))≥ 0. (2.61)

Based on (2.60) and (2.61), we have proved that ρ(a,d) is non-decreasing with d for the second

case, i.e., a+ d > D1 and d ≤ Da, and the third case, i.e., d > Da, in (2.48), respectively. We

then prove that ρ(a,d) is non-decreasing with d for the first case, i.e., 1 ≤ a+ d ≤ D1, in

(2.48). Since µ0(a,Da) = µ1(a,Da), by substituting (a,d) = (1,D1) into (2.53), we obtain

J∗ = λ (λεω(D1 + 1)−εθ (D1+1)+ψ(D1 + 1)) = λ (1− ε)ω(D1). (2.62)
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We note that

ω(D1) =
ψ(D1)−θ (D1)

1−λ − ε
=

∞

∑
k=0

((1−λ )k − εk)v(D1 + k)

1−λ − ε

≥

∞

∑
k=1

((1−λ )k − εk)v(D1 + 1)

1−λ − ε
=

v(D1 + 1)
λ (1− ε)

. (2.63)

Hence, we obtain

J∗ = λ (1− ε)ω(D1) ≥ v(D1 + 1). (2.64)

Based on the approximated expression for ρ(a,d) in (2.48), we obtain

ρ(a,d2)−ρ(a,d1) = (d2 −d1)J∗−
a+d2−1

∑
a+d1

v(h) ≥ 0, (2.65)

if a+ d1 ≤ a+ d2 ≤ D1. Hence, we have proved that ρ(a,d) is non-decreasing function with

d for three cases in (2.48).

We note that ρ(a,d) for the first case and the second case in (2.48) are equal to each other

when a+ d = D1 + 1, i.e.,

D1J∗−
D1

∑
h=1

v(h) =
m

1−ε
− J∗

λ
+λεω(D1+1)−εθ (D1+1)+ψ(D1+1). (2.66)

Combining (2.61), (2.65), with (2.66), we obtain that ρ(a,d) is non-decreasing for d ≤ Da.

Moreover, we note that

ρ(a,d1) ≤ ρ(a,Da) (2.67)

and

ρ(a,d2)=ρ(a,Da)+ε(θ (a+d2)−θ (a+Da))≥ ρ(a,Da), (2.68)

when d1 ≤ Da ≤ d2. Combining (2.67), (2.68), (2.60), with the fact that ρ(a,d) is non-

decreasing for d ≤ Da, we obtain that ρ(a,d) is a non-decreasing function with d.

Based on the cost-to-go function ρ(a,d) obtained in (2.48), we next analyze the threshold
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Da of the policy cD. Then, when 1≤a<D1, we express (2.55) as

µ0(a,Da)−µ1(a,Da)

= −m+(1−ε)
(

v(a+Da)−v(a)+λρ
(1)(1;a+Da,a)+(1−λ )ρ (1)(a+ 1;Da,0)

)
= −

(
a+

1
λ
−1
)

J∗+
a−1

∑
h=1

v(h)+λεω(a+Da)−εθ (D1+1)+ψ(a+Da) = 0. (2.69)

By substituting (2.59) into (2.69), we obtain (2.46). It is noted that since both ω(h) and ψ(h)

monotonically increase with h, there is at most one possible number Da satisfying (2.46).

When a ≥ D1, we express (2.55) as

µ0(a,Da)−µ1(a,Da)

= −m+(1− ε)
(
v(a+Da)−v(a)+λρ

(1)(1;a+Da,a)+(1−λ )ρ (1)(a+ 1;Da,0)
)

= (1−ε) (ψ(a+Da)−ψ(a)+λε (ω(a+Da)−ω(a)))−m = 0, (2.70)

which leads to (2.47).

■

The Whittle index is defined as the minimum auxiliary service charge to ensure that both

the action of being scheduled and the action of being idle are equally appealing for the current

state [107]. In other words, the Whittle index is obtained as the minimum m to obtain d = Da

for the state (a,d). Based on this, we approximate the value of Whittle index in Theorem 2.2

by utilizing the approximated threshold.

Theorem 2.2. Let us consider one UE that has a packet generation probability λ and a trans-

mission error probability ε . When this UE is in the state (a,d), its approximated Whittle index

is given by

Iv(a,d,λ ,ε) =


(1−ε)

(
λ (1−ε)dω(d)−

d
∑

h=1
v(h)

)
, if a=1,

(1−ε)
(
λ (1−ε)D1ω(D1)−

D1

∑
h=1

v(h)
)

, if 2≤a≤D1,

(1−ε)
(
ψ(a+d)−ψ(a)+λε(ω(a+d)−ω(a))

)
, if a>D1,

(2.71)

where D1 is the minimum positive integer number satisfying

εθ (D1+1)+λ (1− ε)

(
a+

1
λ
−1
)

ω(D1) ≥ λεω(a+ d)+ψ(a+ d)+
a−1

∑
h=1

v(h). (2.72)
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Proof: When a ≤ D1, we combine (2.59) and (2.62) as

Iv(1,d,λ ,ε) = (1−ε)

(
λ (1−ε)D1ω(D1)−

D1

∑
h=1

v(h)

)
. (2.73)

We note that D1 = d holds for a = 1. Otherwise, by substituting Da = d into (2.46), the

threshold D1 is the minimum positive number satisfying (2.72).

When a > D1, we obtain the Whittle index from (2.47) as

Iv(a,d,λ ,ε) = (1− ε)
(
ψ(a+ d)−ψ(a)+λε (ω(a+ d)−ω(a))

)
. (2.74)

With (2.73) and (2.74), the Whittle index is obtained as (2.71). ■

We clarify that the derived approximated Whittle index is smaller than its exact value since

the approximate threshold Da derived in Theorem 2.1 is higher than the exact threshold Da. We

remark that when considering the special case with a deterministic packet generation model,

i.e., λ = 1, the Whittle index in (2.71) coincides with the results in [38], which gives the

closed-form expressions for the Whittle index. Furthermore, when considering the average

AoI penalty being given by the average AoI, i.e., v(h) = h, the derived Whittle index in (2.71)

matches the result in [30]. Therefore, the derived approximated Whittle index in (2.71) is a

general approximation for stochastic packet generation models and any penalty function of

AoI, and it is the closed-form expression if λ = 1.

Based on the derived Whittle index in (2.71), we propose the near optimal transmission

scheduling policy to minimize the average AoI penalty. In particular, for each time slot, the BS

schedules the UE with the highest values of Whittle index for transmission. This is because for

the UE with a larger Whittle index, the transmission of its packet makes more contributions to

reducing the average AoI penalty in the system.

2.3.3 Numerical Result and Discussion

In this section, we present numerical results to demonstrate the effectiveness of our proposed

Whittle index based scheduling policy in Section 2.3.2. For comparison, we first compare

our scheduling policy with the optimal scheduling policy, where the optimal scheduling policy

is obtained by utilizing the relative value iteration to solve the CMDP problem in (2.41) for

a two-UE scenario. We then employ the on-demand Whittle Index policy [30] and the age

greedy scheduling policy [38] as the benchmark policies.

In Fig. 2.5, we compare the proposed scheduling policy with the optimal scheduling policy

for two users with an AoI violation function as the penalty function such that v(h) = 1 if

h ≥ 6; otherwise, v(h) = 0. It turns out that the designed scheduling policy almost achieves

the minimum average AoI penalty, which shows the optimality of our designed scheduling
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Figure 2.5: The average AoI penalty for two users under the proposed Whittle index scheduling policy
and an optimal scheduling policy.
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Figure 2.6: The average AoI penalty versus the packet generation probability with N = 6.

policy.

Fig. 2.6. plots the average AoI penalty versus the packet generation probability, λ , for

the homogeneous case where all UEs share the same packet generation pattern and the same

transmission error probability, i.e, λn = λ , and εn = ε for n= 1,2,· · ·,N. We employ an AoI

violation function as the penalty function such that v(h) = 1 if h≥ 10; otherwise, v(h) = 0. We

observe that for all ε , the designed scheduling policy achieves a lower average AoI penalty than

the benchmark policies, especially for small λh, which shows the advantage of the designed

scheduling policy over existing policies. This is due to the fact that the impact of packet

freshness on the average AoI penalty increases when λ decreases and our proposed policy
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Figure 2.7: The average AoI penalty versus the packet generation probability with N = 6.

design is forward-looking instead of myopic, i.e., it evaluates the long term payoff.

Fig. 2.7. plots the average AoI penalty versus the packet generation probability, λ , for

the heterogeneous case where half UEs have the same penalty function such that v(h) = 1

if h ≥ 10; otherwise, v(h) = 0. The other half UEs have another penalty function such that

v(h) = 1 if h ≥ 15; otherwise, v(h) = 0. Given different penalty functions among UEs, we

observe that compared to the benchmark policies, our proposed policy achieves a larger AoI

performance gain for the heterogeneous case than for the homogeneous case. This is due to the

fact that UEs have different dissatisfaction levels of data staleness, which results in different

impacts of UEs’ successful packet transmission on the reduction in the average AoI penalty.

Importantly, such impacts are addressed in our proposed policy.

2.3.4 Summary

In this section, we considered a multi-user system where a BS generates time-sensitive packets

and transmits them to UEs under an unreliable channel. We employed the general AoI penalty

as the metric to characterize the dissatisfaction level of receivers on transmitted packets. By

introducing a constant service charge, we derived the approximated Whittle index. Based on

this expression, we proposed a Whittle index based scheduling policy. Under this proposed

scheduling policy, Whittle index reveals the value of each packet and the BS intends to send

the most valuable packet to reduce the average AoI penalty. Using simulations, we showed the

performance gain of our proposed policy.
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Chapter 3

AoI Analysis and Optimization of
MEC Systems

3.1 Introduction

To find the solution to the key problem: “How many computational tasks need to be offloaded

in a multi-user MEC system such that its AoI performance is optimized?”, we investigate the

impact of computing schemes on the AoI performance in an MEC system in this chapter. In

particular, we analyze the average AoI and the average PAoI of a multi-user MEC system where

a BS generates and transmits computation-intensive packets to UEs. In this MEC system, we

focus on three computing schemes: (i) The local computing scheme where all computational

tasks are computed by the local server at the UE, (ii) The edge computing scheme where all

computational tasks are computed by the edge server at the BS, and (iii) The partial computing

scheme where computational tasks are partially allocated at the edge server and the rest are

computed by the local server. Considering exponentially distributed transmission time and

computation time and adopting the FCFS queuing policy, we derive closed-form expressions

for the average AoI and average PAoI. Due to the complex expression for the average AoI, we

further derive a simple expression for the upper bound and lower bound on the average AoI,

which allow us to explicitly examine the dependence of the optimal offloading decision on the

MEC system parameters. Aided by simulation results, we verify our analysis and illustrate the

impact of system parameters on the offloading strategy design.

This chapter is organized as follows. In Section 3.2, the system model and the average AoI

and PAoI of the considered MEC system are presented. The closed-form expressions for the

average AoI and PAoI of three schemes are derived in Section 3.3. In Section 3.4, the upper

bound and the lower bound on the average AoI and the optimal offloading ratio are presented.

The numerical results are discussed in Section 3.5. The summary is concluded in Section 3.6.

43



44 AoI Analysis and Optimization of MEC Systems

Figure 3.1: Illustration of our considered MEC system where the BS transmits computation-intensive
packets to N UEs.

3.2 System Model and Average AoI

We consider a downlink system, as depicted in Fig. 3.1, where the BS transmits time-sensitive

packets to N UEs. We denote the nth UE by Un, where n = 1,2, · · · ,N. In this system, the BS

generates the packet of Un according to a Poisson process1 with the rate λn
2. We assume that

packets are generated with indices (e.g., using the first several bits of each packet) to associate

with UEs and the BS transmits packets to their corresponding UEs based on the indices. To

ensure the freshness of packets, we consider an MEC system, where a portion of total computa-

tional tasks of a packet can be processed at the local server and the remaining part is processed

at the edge server. Such separate processing is reflected in practical applications, such as the

virus scan application and the file compression application [109], where the computational

tasks of packets are divided into several independent subsets that can be processed individu-

ally. In this MEC system, we introduce three computing schemes, namely, the local computing

scheme, the edge computing scheme, and the partial computing scheme.

3.2.1 Computing Schemes

Depending on which server computes the computational tasks of packets, we introduce three

computing schemes as follows:

1. Local Computing: In this scheme, the BS directly transmits the generated packet to the

UE for local computing. In particular, when a packet of Un is generated by the BS,

denoted by Pn, it waits to be transmitted in the transmission queue at the BS. After being

1We assume that the packet generation processes among UEs are independent but not identical.
2In practical applications, e.g., a vehicular network, the BS can generate traffic information for vehicles. In this

vehicular network, the BS has two options of traffic information transmission and computation. One option is that
the BS transmits the traffic information to each vehicle and each vehicle computes the action command according
to the received traffic information. The other option is that the BS computes the action command and sends it to
each vehicle.
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transmitted to Un, Pn arrives at the computation queue at the local server at Un. Finally,

the local server completes the computation of Pn and Un obtains the computational result

of Pn.

2. Edge Computing: In this scheme, the edge server at the BS performs the computation of

the packet and transmits the computational result to the UE. In particular, the generated

packet Pn arrives at the computation queue at the edge server. After the computation is

completed by the edge server, the computational result of Pn arrives at the transmission

queue and is transmitted to Un.

3. Partial Computing: In this scheme, the edge server partially computes the packet and

then the BS transmits the intermediate computational result to the UE for the remain-

ing computation. Specifically, the generated packet Pn first arrives at the computation

queue at the edge server for a partial computation and the intermediate computational

result of Pn arrives at the transmission queue. When Un receives the intermediate com-

putational result of Pn, its local server performs the remaining computation to obtain the

computational result of Pn.

In these three computing schemes, we assume that the packets in the queues are served by

using the FCFS queuing policy and each queue has infinite buffer size to store the packet3. We

then assume that both the computation time and the transmission time of a packet follow ex-

ponential distributions4, which are commonly used in the AoI analysis, e.g., [18, 53, 110]. On

one hand, the packet transmission time depends on wireless channels, which may or may not

incorporate retransmission and backoff. It has been shown that such complex effects are accu-

rately characterized by an exponential distributed transmission time in [18]. On the other hand,

the packet computation time depends on the complexity of computational tasks. For example,

[110] showed that an exponential distributed computation time is accurate to characterize the

different complexity of computational tasks in face recognition. Then, the probability density

functions (PDFs) of the computation time of a packet at the edge server, SB, the transmission

time of a packet, SD, and the computation time of a packet at the local server at Un, SUn , are

given by

fSB(t) = exp(−µBt), (3.1)

3The FCFS queuing policy is easier to be implemented in practice, comparing with the LCFS queuing policy.
In addition, the LCFS queuing policy may lead to unfairness and poor performance for some UEs in multi-user
systems.

4We clarify that our analytical framework accommodates other distributions, if we use the PDFs of other distri-
butions to replace the PDFs of the computation time of a packet at the edge server, SB, the transmission time of a
packet, SD, and the computation time of a packet at the local server at Un, SUn , i.e., fSB (t), fSD (t), and fSUn

(t).
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fSD(t) = exp(−µDt), (3.2)

and

fSUn
(t) = exp(−µnt), (3.3)

where µB is the computation rate of the edge server, µD is the transmission rate, and µn is the

computation rate of the local server at Un. Here, µB indicates the average number of packets

served per unit time at the edge server in the edge computing scheme, µn indicates the average

number of packets served per unit time at the local server at Un in the local computing scheme,

and µD indicates the average number of packets transmitted per unit time from the BS to UEs5.

In order to fairly compare the AoI performance of these three schemes, we assume that

these three computing schemes share the same transmission rate and computation rate at each

server. For the partial computing scheme, we adopt a linear computation partitioning model

introduced in [109]. In particular, we denote p as the offloading ratio, which represents the

percentage of computational tasks of each packet computed by the edge server, where 0 ≤
p ≤ 1. Moreover, the effective computation rate of the edge server is denoted by µ ′

B and the

effective computation rate of the local server at Un is denoted by µ ′
n. Here, µ ′

B and µ ′
n indicate

the average number of packets served per unit time at the edge server and the local server

at Un, respectively, which depend on not only the performance of servers but the proportion

of tasks that need to be computed in each packet at the server. Thus, we have µ ′
B = µB

p and

µ ′
n =

µn
1−p . We clarify that the local computing scheme is considered as a special case of the

partial computing scheme where the offloading ratio is 0, i.e., p= 0. In this scheme, the serving

time of packets at the edge server is 0. In addition, the edge computing scheme is considered

as another special case of the partial computing scheme where the offloading ratio is 1, i.e.,

p = 1. In this scheme, the serving time of packets at the local server at Un is 0.

3.2.2 Average AoI and PAoI

In this subsection, we present the general expression for the average AoI and PAoI of the con-

sidered MEC system. Recall that our target is to analyze the AoI performance of the considered

MEC system. Without loss of generality, we arbitrarily select one UE, Un, and analyze its av-

erage AoI, ∆n, and average PAoI, Ωn. We will define the average AoI and the average PAoI of

the system at the end of this section based on the individual UE’s AoI. Fig. 3.2 plots a sample

variation of AoI for Un, ∆n(t), as a function of t. We assume that the observation begins at

5We assume that the information bits of the original packet, the partial computed packet, and the computed
packet are same, such that the transmission rate of these packets are same.
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t = 0, where the AoI is ∆n(0). From Fig. 3.2, we express the AoI of Un at time t as

∆n(t) = t −un(t), (3.4)

where un(t) is the generation time of the last received computed packet of Un at time t. Then

the time-average AoI of Un over the observation time interval (0,τ) can be calculated as

∆n =
1
τ

∫
τ

0
∆n(t)dt. (3.5)

We denote Pn, j as the jth packet generated after time t = 0 of Un, j = 1,2, · · · . We then

denote Yj as the time interval from the generation time of Pn, j−1 to the generation time of Pn, j

and denote Tj as the time interval from the generation time of Pn, j to the time that Un obtains

the computational result of Pn, j. The value of age in the peak is denoted by A j. Therefore, we

obtain

Yj = t j − t j−1, (3.6)

Tj = t ′j − t j, (3.7)

and

A j = Yj +Tj, (3.8)

where t j is the generation time of Pn, j and t ′j is the time that Un obtains the computational result

of Pn, j. According to [12], the average AoI of Un is calculated as

∆n=
E[Y 2

j ]+2E[YjTj]

2E[Yj]
. (3.9)

We keep the index in (3.9) to reflect the correlation between Yj and Tj. As the BS generates

the packet of Un according to a Poisson process with the rate λn, we obtain E[Y 2
j ] =

2
λ 2

n
and

E[Yj] =
1
λn

, which leads to

∆n =
1
λn

+λnE[YjTj]. (3.10)

For the average PAoI, we calculate it as

Ωn = lim
m→∞

1
m

m

∑
j=1

A j =
1
λn

+E[Tj]. (3.11)
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We denote t j,B as the time that Pn, j arrives at the transmission queue and t j,D as the time

that Pn, j arrives at the computation queue at the local server at Un. We then denote X j,B, X j,D,

and X j,U as the queuing delay of Pn, j in the computation queue at the edge server, the queuing

delay of Pn, j in the transmission queue, and the queuing delay of Pn, j in the computation queue

at the local server at Un, respectively. They are expressed as

X j,B = t j,B − t j, (3.12)

X j,D = t j,D − t j,B, (3.13)

and

X j,U = t ′j − t j,D, (3.14)

respectively. Then, we rewrite Tj as

Tj = X j,B +X j,D +X j,U . (3.15)

We now denote Wj,B, Wj,D, and Wj,U as the waiting time of Pn, j in the computation queue at the

edge server, the waiting time of Pn, j in the transmission queue, and the waiting time of Pn, j in

the computation queue at the local server at Un, respectively. Next, we denote S j,B, S j,D, and

S j,U as the computation time of Pn, j at the edge server, the transmission time of Pn, j, and the

computation time of Pn, j at the local server at Un, respectively. Note that the queuing delay

of Pn, j in each queue is the summation of the waiting time and the serving time of Pn, j in this

queue. Thus, we rewrite X j,B, X j,D, and X j,U as

X j,B =Wj,B + S j,B, (3.16)

X j,D =Wj,D + S j,D, (3.17)

and

X j,U =Wj,U + S j,U , (3.18)

respectively. By substituting (3.16), (3.17), and (3.18) into (3.15), we obtain

Tj =Wj,B + S j,B +Wj,D + S j,D +Wj,U + S j,U . (3.19)

We note that the packet generation is independent of the packet transmission and computation

in each queue. By substituting (3.19) into (3.10) and (3.11), and using the fact that S j,B, S j,D,
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Figure 3.2: The AoI variation of the selected UE, Un.

and S j,U are independent of Yj, we obtain

∆n =
1
λn

+E[S j,B]+E[S j,D]+E[S j,U ]+λn (E[YjWj,B]+E[YjWj,D]+E[YjWj,U ]) , (3.20)

and

Ωn =
1
λn

+E[S j,B]+E[S j,D]+E[S j,U ]+E[Wj,B]+E[Wj,D]+E[Wj,U ]. (3.21)

By averaging ∆n over all UEs, we obtain the average AoI and PAoI of the MEC system as

∆ =
1
N

N

∑
n=1

∆n, (3.22)

and

Ω =
1
N

N

∑
n=1

Ωn, (3.23)

respectively. It is worthwhile noting that, when one of the expectations of Wj,B, Wj,D, and Wj,U

in (3.20) becomes infinity, the average AoI and the average PAoI of Un go to infinity. In this

case, the MEC system is considered to be unstable. Thus, in order to ensure system stability,

we assume that the arrival rate of the packet is lower than its serving rate in each queue.

3.3 Characterizing Average AoI and PAoI

In this section, we derive the closed-form expressions for the average AoI and PAoI of three

computing schemes. We first derive the closed-form expression for the average AoI and PAoI
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of the partial computing scheme, since both the local computing scheme and the edge comput-

ing scheme are special cases of the partial computing scheme. Based on that, we then obtain

the closed-form expressions for the average AoI and PAoI of the local computing scheme and

the edge computing scheme, respectively.

Theorem 3.1. In the partial computing scheme with the offloading ratio p, the closed-form

expression for the average AoI of Un is derived as

∆n,p =
1
λn

+
1

µ ′
B
+

1
µD

+
1
µ ′

n
+

λ−n

µ ′
B(µ

′
B−λ−n)

+
λ 2

n λ−n

µ ′
B(µ

′
B−λ−n)3

+
λ 2

n

(µ ′
B−λ )(µ ′

B−λ−n)2 +λn(Φp,B j,D+Φp,L j,D+Φp,B j,U +Φp,L j,U ), (3.24)

and the closed-form expression for the average PAoI of Un is derived as

Ωn,p =
1
λn

+
1

µ ′
B −λ

+
1

µD −λ
+

1
µ ′

n −λn
, (3.25)

where λ =
N
∑

n=1
λn and λ−n = λ −λn. Here, Φp,B j,D , Φp,L j,D , Φp,B j,U , and Φp,L j,U are given by

Φp,B j,D =
λn(µ ′

B + µD −λ )

µ ′
B(µD−λ )(µ ′

B+µD−λ−λ−n)2 +
λn(µ ′

B −λ )(µ ′
B −λ−n)

(
1

(µD−λ−n)2 − 1
(µ ′

B−λ−n)2

)
(µ ′

B −µD)(µD −λ )(µD + µ ′
B −λ −λ−n)

+
λnλ−n(µ ′

B−λ )(µ ′
B−λ−n)

(
2

(µD−λ−n)3 − 2
(µ ′

B−λ−n)3

)
µD(µ ′

B −µD)(µ ′
B + µD −λ −λ−n)

+
2λnλ−n(µD + µ ′

B −λ )

µ ′
BµD(µD+µ ′

B−λ−λ−n)3 , (3.26)

Φp,L j,D =
λ−n

µD(µD−λ−n)

 1
λn

− λn(µ ′
B + µD −λ )

µ ′
B(µ

′
B+µD−λ−λ−n)2 −

λn(µ ′
B−λ )

(
1

µ ′
B−λ−n

− µ ′
B−λ−n

(µD−λ−n)2

)
(µD −µ ′

B)(µ
′
B+µD−λ−λ−n)

 ,

(3.27)

Φp,B j,U =
λn(µ ′

B −λ )(µ ′
B −λ−n)(µD + µ ′

n −λn)

µD(µD−λ+µ ′
n)

2(µ ′
n −λn)(µ ′

B −µD)(µ ′
B + µD −λ −λ−n)

− λnµD(µ ′
B −λ )(µ ′

B −λ−n)(µD + µ ′
n −λn)

(µ ′
n −λn)(µ ′

B −µD)(µ ′
B + µD −λ −λ−n)((µD+µ ′

n)µ
′
B−λ µD+(µD−µ ′

B)λn)2

+
λnµ ′

BµD
(µD+µ ′

n−λn)(µ ′
B+µD−λ )

µ ′
n−λn

((µ ′
B+µD−λ )(µD+µ ′

n−λn)(µ ′
B−λ−n)+λ−n(µ2

D+(2µ ′
n−2λn−λ)µD+(µ ′

B−2λ)(µ ′
n−λn)))2 ,

(3.28)
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and

Φp,L j,U =
λn(µD −λ )(µD −λ−n)

µ ′
B(µ

′
n−λn)(µD−µ ′

n−λ−n)(µD+µ ′
n−λ )

(
µ ′

B + µ ′
n −λn

(µ ′
B + µ ′

n −λ )2 −
µ ′

B + µD −λ

(µ ′
B+µD−λ−λ−n)2

)

+
λn(µ ′

B−λ )(µ ′
B−λ−n)(µD−λ )(µD−λ−n)

(
1

µ ′2
n
− 1

(µ ′
B−λ−n)2

)
(µ ′

n−λn)(µD−µ ′
n−λ−n)(µD + µ ′

n −λ )(µ ′
B + µ ′

n −λ )(µ ′
B −µ ′

n −λ−n)

−
λn(µ ′

B−λ )(µ ′
B−λ−n)(µD−λ )(µD−λ−n)

(
1

(µD−λ−n)2 − 1
(µ ′

B−λ−n)2

)
(µ ′

n−λn)(µD−µ ′
n−λ−n)(µ ′

B −µD)(µ ′
B + µD −λ −λ−n)

, (3.29)

respectively.

Proof: See Appendix A.1. ■

From Theorem 3.1, we find that the average PAoI has a concise expression than the average

AoI6. Based on (3.24), we obtain the average AoI and the average PAoI in the local computing

and the edge computing scheme by setting p = 0 and p = 1, which are given in the following

two corollaries, respectively.

Corollary 3.1. In the local computing scheme, the closed-form expression for the average AoI

of Un is derived as

∆n,l =
1
λn

+
1

µD
+

1
µn

+
λ−n

µD(µD−λ−n)
+

λ 2
n λ−n

µD(µD−λ−n)3 +
λ 2

n

(µD −λ )(µD −λ−n)2

+
λ 2

n (µD + µn −λn)

µD(µn −λn)(µD + µn −λ )2 +
λ 2

n (µD −λ )(µD + µn −λ−n)

µ2
n (µD −λ−n)(µn −λn)(µD + µn −λ )

, (3.30)

and the closed-form expression for the average PAoI of Un is derived as

Ωn,l =
1
λn

+
1

µD −λ
+

1
µn −λn

. (3.31)

Proof: In this scheme, all the tasks in each packet of Un are computed by the local server

at Un. It can be regarded as a partial computing scheme with p = 0, where the computation

rate of the local server at Un is given as µ ′
n = µn and the computation rate of the edge server

is given as µ ′
B → ∞. Therefore, we obtain the closed-form expression for the average AoI of

Un in the local computing scheme, ∆n,l , and the average PAoI of Un in the local computing

scheme, Ωn,l , as

∆n,l = ∆n,p
∣∣
µ ′

B→∞,µ ′
n=µn

, (3.32)

6Recently, the shifted exponential distributed computation time is evaluated in [111], since the task computation
requires a minimum computation time. We note that the shifted exponential distributed computation time is a fixed
computation time with the original exponential distributed computation time. Hence, the impact of this distribution
on both the average AoI and the average PAoI is a constant queuing delay in computation queues at both the edge
server and the local server.
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and

Ωn,l = Ωn,p
∣∣
µ ′

B→∞,µ ′
n=µn

, (3.33)

respectively, which are given in (3.30) and (3.31). ■

Corollary 3.2. In the edge computing scheme, the closed-form expression for the average AoI

of Un is derived as

∆n,e =
1
λn

+
1

µB
+

1
µD

+
λ−n

µB(µB−λ−n)
+

λ 2
n λ−n

µB(µB−λ−n)3

+
λ 2

n

(µB−λ )(µB−λ−n)2 +λn(Φe,B j,D +Φe,L j,D), (3.34)

and the closed-form expression for the average PAoI of Un is derived as

Ωn,l =
1
λn

+
1

µB −λ
+

1
µD −λ

, (3.35)

where Φe,B j,D and Φe,L j,D are given by

Φe,B j,D =
λn(µB + µD −λ )

µB(µD−λ )(µB+µD−λ−λ−n)2 +
λn(µB−λ )(µB−λ−n)

(
1

(µD−λ−n)2 − 1
(µB−λ−n)2

)
(µB −µD)(µD −λ )(µD + µB −λ −λ−n)

+
λnλ−n(µB −λ )(µB −λ−n)

(
2

(µD−λ−n)3 − 2
(µB−λ−n)3

)
µD(µB −µD)(µB + µD −λ −λ−n)

+
2λnλ−n(µD + µB −λ )

µBµD(µD+µB−λ−λ−n)3 (3.36)

and

Φe,L j,D =
λ−n

µD(µD−λ−n)

 1
λn

− λn(µB + µD −λ )

µB(µB+µD−λ−λ−n)2 −
λn(µB−λ )

(
1

µB−λ−n
− µB−λ−n

(µD−λ−n)2

)
(µD−µB)(µB+µD−λ−λ−n)

 ,

(3.37)

respectively.

Proof: In this scheme, all the tasks in each packet are computed by the edge server. It

can be regarded as a partial computing scheme with p = 1, where the computation rate of the

local server at Un is given as µ ′
n → ∞ and the computation rate of the edge server is given as

µ ′
B = µB. Therefore, we obtain the closed-form expression for the average AoI of Un in the

edge computing scheme, ∆n,e, and the average PAoI of Un in the edge computing scheme, Ωn,e,

as

∆n,e = ∆n,p
∣∣
µ ′

B=µB,µ ′
n→∞

, (3.38)
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and

Ωn,e = Ωn,p
∣∣
µ ′

B=µB,µ ′
n→∞

, (3.39)

respectively, which are given in (3.34) and (3.35). ■

From Theorem 3.1, Corollary 3.1, and Corollary 3.2, we find that the average AoI has

a more complex closed-form expression than the average PAoI. Due to this complexity, it is

difficult to derive the closed-form expression for the optimal offloading ratio to minimize the

average AoI. Comparing with the average AoI, we find that the expression for the average PAoI

is less complex and it is feasible to obtain the closed-form expression for the optimal offloading

ratio to minimize the average PAoI. Moreover, we note that the results in Theorem 3.1 can be

used to obtain the results for a single UE system by setting λ = λn and λ−n = 0.

3.4 AoI Performance Optimization

In this section, we consider an MEC system with homogeneous UEs, where all UEs share the

same packet generation rate λh and the same computation rate of the local server µ ′
h =

µh
1−p , i.e.,

λn = λh and µn = µh, ∀ n. In this homogeneous scenario, due to the complex expression for

the average AoI given in (3.24), it is hard to derive the closed-form expression for the optimal

offloading ratio to minimize the average AoI.

To find the closed-form expression for the optimal offloading ratio to minimize the average

AoI, we first derive the simplified upper bound and lower bound on the average AoI.

Theorem 3.2. In the MEC system under the aforementioned assumptions, the simple form

lower bound and upper bound on the average AoI are given as

∆low = Ω−∆gap, (3.40)

and

∆up = Ω, (3.41)

respectively, where Ω = p
µB−pλ

+ 1
µD−λ

+ 1−p
µh−(1−p)λh

and

∆gap =
λh

(µ ′
B −λ−h)2 +

λh

(µD −λ−h)2 +
λh

µ ′2
h
−

λ 2
h λ−h

µ ′
B(µ

′
B −λ−h)3 −

λ 2
h λ−h

µD(µD −λ−h)3 . (3.42)

In (3.42), λ−h = (N −1)λh. Proof: See Appendix A.2. ■

Here, we denote γn as the ratio between ∆n,gap and Ωn, i.e., γn =
∆n,gap

Ωn
, which indicates the

error ratio if we use these bounds to approximate the average AoI of Un. From Theorem 3.2, we
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find that γn is negligible, i.e., γn ≈ 0, when the transmission rate and the computation rates of

both the edge server and the local server at each UE are much larger than the packet generation

rate. Under this condition, the average AoI is close to the average PAoI, i.e., ∆n ≈ Ωn.

We now derive the optimal offloading ratio to minimize the average PAoI, which is approx-

imated as the optimal offloading ratio to minimize the average AoI. The optimal offloading

ratio, popt , to minimize the average PAoI should satisfy

popt = argmin
p

p
µB − pλ

+
1
N

N

∑
n=1

1− p
µn − (1− p)λn

(3.43)

s.t. µB > pλ , (3.43a)

µn > (1− p)λn, n = 1,2, · · · ,N. (3.43b)

Based on (3.43), we next analyze the optimal offloading ratio to minimize the average PAoI

in the heterogeneous system.

Lemma 3.1. In the MEC system, the optimal offloading ratio, popt, to minimize the average

PAoI is the solution to achieve

µB

(µB − poptλ )2 =
1
N

N

∑
n=1

µn

(µn − (1− popt)λn)2 , (3.44)

where popt satisfies popt < min{ µB
λ

,1} and popt > max{ µn−λn
λn

,0} for n = 1,2, · · · ,N. It is noted

that (3.44) can be solved by using a number of numerical solvers, e.g., MATLAB.

Proof: See Appendix A.3. ■

We note that it is indeed difficult, if not impossible, to obtain the closed-form expression

for popt in non-homogeneous systems in Lemma 3.1. Nevertheless, a closed-form result is

possible for homogeneous systems, where all UEs share the same packet generation rate λh

and the same computation rate of the local server µ ′
h =

µh
1−p , i.e., λn = λh and µn = µh, ∀ n.

Our analysis in the homogeneous case allows us to explicitly examine the impact of system

parameters on the AoI performance7. In this homogeneous scenario, due to the complexity of

the average AoI expression given in (3.24), it is hard to derive the closed-form expression for

the optimal offloading ratio to minimize the average AoI. Thus, we resort to the average PAoI.

Theorem 3.3. In the homogeneous MEC system where all UEs share the same packet gener-

ation rate, i.e., λn = λh, and the same computation rate of the local server, i.e., µn = µh, ∀ n,

7In addition, we note that the homogeneous scenario where all UEs share the same packet generation rate
and computation rate may hold for some practical applications. For example, in vehicular networks, the packet
generation rate for each vehicle is approximately the same and vehicles have very similar computation rate [112].
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the optimal offloading ratio, popt , to minimize the average PAoI is derived as

popt =



0, if µB ≤ (µh −λh)
2

µh
,

1, if µh ≤
(µB −λ )2

µB
,

√
µBµh +λh −µh(
1+N

√
µh
µB

)
λh

, otherwise.

(3.45)

Proof: See Appendix A.4. ■

From Theorem 3.3, we see that the optimal offloading ratio increases as the computation

rate of the edge server increases, but decreases as the number of UEs increases and the com-

putation rate of the local server increases. It indicates that it is better to allocate more tasks to

the edge server if the computation rate of the edge server is large and the number of UEs is

small. However, if the number of UEs is large, UEs compete with each other in the computa-

tion queue of the edge server at the BS, which leads to the large waiting time of the packet in

the computation queue of the edge server. In this case, it is better to allocate more tasks to the

local server.

3.5 Numerical Results

In this section, we present numerical results to validate our analysis in Section 3.3 and 3.4. In

particular, we present numerical results in the homogeneous case where all UEs share the same

packet generation rate λh and the same local computation rate µh, i.e., λn = λh and µn = µh,

for ∀n. The simulations are conducted by the MATLAB and the system parameters are listed

in the caption of each figure.

Fig. 3.3 plots the average AoI and PAoI of the MEC system versus the packet generation

rate, λh. We first observe that the analytical average AoI and PAoI of the MEC system tightly

match the simulation results, which demonstrates the correctness of our analytical result. We

then observe that for all considered values of p, the average AoI and PAoI of the MEC system

first decrease and then increases when λh increases, where the average AoI has a same trend

with the average PAoI versus the packet generation rate, λh. This observation is due to the fact

that the increase in λh has a two-fold effect on the average AoI and PAoI of the MEC system.

When λh is small, this increase leads to a higher updating rate of packets, which decreases the

average AoI and PAoI of the MEC system. When λh exceeds a certain threshold, its increase

leads to the significant increase in the waiting time of a packet in computation queues and the

transmission queue, thereby degrading the AoI performance. We further observe that for small

λh, the average AoI and PAoI of the MEC system monotonically decreases with increasing p.
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Figure 3.3: The average AoI and PAoI of the MEC system versus the packet generation rate, λh, with
N = 6, µB = 1.5, µh = 0.25, and µD = 1.8.

However, for large λh, the average AoI and PAoI of the MEC system firstly decreases and then

increases with increasing p. This is because that when λh is small, the increase in p leads to

a higher computation rate of the edge server, which reduces the average AoI and PAoI of the

MEC system. When λh is very large, the increase in p results in a significantly long waiting

time of a packet in the computation queue at the edge server, which increases the average AoI

and PAoI of the MEC system. In addition, we find that the average AoI and PAoI is small in the

partial computing scheme, but large in the other two schemes for large λh. This observation

implies that by carefully partitioning the computational tasks, the partial computing scheme

has a higher system stability than both the local computing and the edge computing schemes.

Fig. 3.4 plots the average AoI and PAoI of the MEC system versus the number of UEs, N.

We first observe that when N increases, the average AoI and PAoI of the MEC system increase

monotonically and this increase is faster for larger p. This is because that the increase in N re-

sults in the longer waiting time of a packet in both the transmission queue and the computation

queue at the edge server, which increases the average AoI and PAoI of the MEC system. If p

is large, the tasks computed by the edge server increases dramatically as N increases, which

results in a long waiting time of a packet in the computation queue. We further observe that the

edge computing scheme has a lower average AoI and PAoI than the local computing scheme
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Figure 3.4: The average AoI and PAoI of the MEC system versus the number of UEs, N, with λh = 0.1,
µB = 1, µh = 0.2, and µD = 3.

and the partial computing scheme for small N, but a larger average AoI and PAoI for large N.

This is because that for a small number of UEs, compared to local computing, edge computing

can provide the higher computation rate via the powerful edge server, thereby decreasing the

average AoI and PAoI of the MEC system. Differently, for a large number of UEs, allocating

most computational tasks to the local server can avoid the long waiting time in the computation

queue at the edge server, which is beneficial to the decrease in the average AoI and PAoI. This

observation also indicates that the careful design of the offloading ratio in the partial comput-

ing scheme can effectively decrease the average AoI and PAoI, especially when the number of

UEs is large.

Fig. 3.5 plots the average AoI of the MEC system versus the offloading ratio, p, for dif-

ferent µD and µB. We first observe that the average AoI first decreases and then increases as

p increases. To understand the trend observed in these curves, we note that the increase in p

leads to the decrease in the waiting time in the computation queue at the local server but the

increase in the waiting time in the computation queue at the edge server. When p is small, its

increase significantly reduces the waiting time of a packet at the local server, which decreases

the average AoI of the MEC system. When the value of p increases up to a certain threshold,

the long waiting time of a packet at the edge server dominates the average AoI, thereby result-
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Figure 3.5: The average AoI of the MEC system versus the offloading ratio, p, with N = 6, λh = 0.25,
and µh = 0.5.

ing in the increase in the average AoI. We then observe that when µD increases, the average

AoI of the MEC system decreases, while the optimal p almost remains the same value. This is

because that as µD increases, the high transmission rate of the BS leads to reduced waiting time

in the transmission queue, which decreases the average AoI. However, the transmission rate of

the BS affects on the queuing delay of a packet in the transmission queue, while the optimal

p depends on computation queues at both the edge server and the local server but independent

of the transmission queue. We further observe that when µB increases, the average AoI of the

MEC system decreases and the optimal p increases. This is because that the larger value of

µB means the higher computation rate of the edge server, which can reduce the waiting time

in the computation queue at the edge server and then lead to decreased average AoI. In addi-

tion, when the edge server has a higher computation rate, it can decrease the average AoI by

allocating more computational tasks to the edge server.

Fig. 3.6 plots the upper bound and the lower bound on the average AoI in Theorem 3.2.

We first observe that the average AoI is lower then the upper bound and higher then the lower

bound given in Theorem 3.2, which demonstrates the correctness of our analytical result. We

then observe that γ is small when λh is small and it is large for a large λh. This observation

is due to the fact that the decrease in λh leads to the decrease in the gap between the upper
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Figure 3.6: The average AoI of the MEC system versus the offloading ratio, p, with N = 4, µB = 1.5,
µh = 0.6, and µD = 2.

bound and the lower bound, which decreases γ . This observation implies that the expression

for the average PAoI can be adopted as a reasonable approximation of the average AoI when

the serving rate is much greater than the packet generation rate.

Fig. 3.7 plots the average AoI achieved by the partial computing scheme with the optimal

offloading ratio, the partial computing scheme with the offloading ratio in Theorem 3.3, the

local computing scheme, the edge computing scheme, and the partial computing scheme with

p = 0.5 of the MEC system versus the packet generation rate, λh, for different N. We ob-

serve that the considered partial computing scheme with the offloading ratio in Theorem 3.3

achieves the lowest average AoI comparing with the local computing scheme, the edge com-

puting scheme, and the partial computing scheme with p = 0.5. Additionally, we observe that

the gap between the optimal average AoI and the average AoI with the offloading ratio in The-

orem 3.3 is negligible no matter λh is small or large. It implies that the optimal offloading ratio,

popt, to minimize the average PAoI can be adopted to minimize the average AoI of an MEC

system, regardless of the packet generation rate.
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Figure 3.7: The average AoI of the MEC system versus the packet generation rate, λh, with µB = 2,
µh = 0.5, and µD = 3.

3.6 Summary

In this chapter, we analyzed the AoI performance of a multi-user MEC system. In this MEC

system, we considered three computing schemes, i.e., the local computing scheme, the edge

computing scheme, and the partial computing scheme. For these three computing schemes, we

derived the closed-form expressions for the average AoI and the average PAoI, where packets

are served in both the computation queues and the transmission queue according to the FCFS

policy. Due to the complex expression for the average AoI, we further provided a simple ex-

pression for the upper bound and lower bound on the average AoI. Considering the sporadic

packet generation pattern, we found that the gap between the upper bound and the lower bound

is negligible, such that the average AoI can be approximated by the average PAoI. In addi-

tion, we derived the optimal offloading ratio to minimize the average PAoI and found that this

offloading ratio can be adopted to minimize the average AoI.



Chapter 4

AoI Analysis of Short Packet
Communications

4.1 Introduction

In this chapter, we investigate the AoI performance in point-to-point short packet communi-

cation systems. Although the existing studies [63, 64, 65, 66, 67, 68, 69, 70, 71, 72] have

evaluated the impact of the packet blocklength and packet management strategies on the AoI

performance in short packet communication systems, the impact of different encoding schemes

on the AoI performance has not been evaluated, and the non-linear AoI performance of short

packet communication systems remains untouched, which requires further analysis. In Section

4.2, to find an effective encoding scheme improving AoI performance in short packet commu-

nication systems, we analyze the impact of two encoding schemes, namely, the joint encoding

scheme and the distributed encoding scheme, on the average AoI. We then analyze the average

AoI penalty performance in short packet communication systems to gain deep insights into the

joint requirements of system reliability and timeliness in Section 4.3.

4.2 The AoI of Short Packet Communications

In this section, we analytically assess the impact of two encoding schemes on the AoI per-

formance of a short packet communication system. In this system, a transmitter transmits

status updates received from multiple sensors to a receiver, where such status updates can be

jointly encoded into a packet for transmission, referred to as the joint encoding scheme, or

encoded into separate packets individually, referred to as the distributed encoding scheme. In

these two encoding schemes, the packet generation follows the zero-waiting policy, where the

transmitter generates a new packet immediately after finishing the transmission of the current

packet. We derive new closed-form expressions for the average AoI achieved by both encoding

schemes. Moreover, we theoretically determine the condition when one encoding scheme has

a better AoI performance than the other. Using simulations, we demonstrate the accuracy of

61
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Figure 4.1: Illustration of our considered system where a transmitter collects status updates from N
sensors and transmits the encoded packets to the receiver.

our analytical results and discuss the appropriate choice of the encoding scheme to decrease

the average AoI based on the information redundancy and the number of sensors.

This section is organized as follows. In Section 4.2.1, the system model and the average

AoI of the considered system are presented. The closed-form expressions for the average AoI

are derived in Section 4.2.2. The numerical results and summary are provided in Section 4.2.3

and 4.2.4, respectively.

4.2.1 System Model and Average AoI

4.2.1.1 System Model

We consider a point-to-point wireless communication system as depicted in Fig. 4.1, where a

transmitter transmits packets to a receiver. In this system, the transmitter collects status updates

from N sensors and generates packets based on these collected status updates1. We denote the

nth sensor by Un, where n = 1,2, · · · ,N. To ensure the freshness of packets, the zero-waiting

policy is adopted, where a new packet is immediately generated once the transmitter finishes

the transmission of the current packet. In this system, we introduce two encoding schemes,

namely, the joint encoding scheme and the distributed encoding scheme.

In the joint encoding scheme, we assume that the joint status update from N sensors at

the transmitter contains a fixed number of bits, denoted by L. Once the transmitter collects the

status update, the transmitter encodes this L bits status update into a packet with the blocklength

as M channel use (c.u.) and transmits this packet to the receiver. In the distributed encoding

scheme, the transmitter collects the status update from sensors and follows the RR policy. In

each time, the transmitter collects the fixed Ln bits status update from the sensor Un and then

encodes the Ln bits status update into a packet with Mn c.u.. Here, we assume that the N sensors

are homogeneous sensors, where they have the same length of status updates and blocklength

of packets, i.e., Ln = Lh and Mn =Mh, ∀n. After the packet generation, the transmitter transmits

the packet to the receiver. For the transmission, we define the coding rate, R, as the ratio

1We clarify that the status update collection process of N sensors is independent, but the collected data of N
sensors may not be independent.
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between the number of bits in the status update and the blocklength of the transmitted packet,

i.e., R = L
M in the joint encoding scheme and R = Lh

Mh
in the distributed encoding scheme.

We clarify that the information for the total N sensors are L bits in the joint encoding

scheme and NLh bits in the distributed encoding scheme. According to [113], the joint infor-

mation is less than or equal to the sum of the individual information, i.e., L ≤ NLh. Thus, we

denote the information redundancy over all the sensors by φ bits, i.e., φ = NLh −L.

As in [67], we assume an additive white Gaussian noise (AWGN) channel between the

transmitter and the receiver. According to [62], the block error rate for the AWGN channel

using finite block length coding can be approximated as

ε(l,m,γ) = Q

 1
2 log2(1+ γ)− l

m

log2(e)
√

1
2m

(
1− 1

(1+γ2)

)
 , (4.1)

where l is the number of bits in the status update, m is the blocklength of the transmitted packet,

γ is the received SNR at the receiver, and Q(x) is the Q-function. The expression for the block

error rate in (4.1) is very tight for short packet communications when m≥100 [62] and is close

to 0 for a significantly large m. For the packet transmission in our considered system, we define

the transmission time for each c.u. as the unit time for analytical simplicity.

4.2.1.2 AoI Formulation

In this subsection, we formulate the expression for the average AoI of the considered time-

slotted system where Tu is treated as the unit time.

We denote ∆n(t) as the AoI of Un at time slot t. We assume that the observation begins at

t = 0 with the AoI of ∆n(0). Then, we express the AoI at time t as

∆n(t) = t −un(t), (4.2)

where un(t) is the generation time of the most recently received status update at receiver from

Un at time t. Based on the zero-waiting policy, we note that the generation time of the most

recently received packet is the time that the transmitter finishes its transmission. We then

denote ∆(t) as the overall AoI of the system at time t. Based on (4.2), ∆(t) is defined as

∆(t) = max
n

{∆n(t)}, (4.3)

which is the maximum AoI of all the sensors at time t. Then, the average AoI over the obser-
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vation window of T time slots is calculated as

∆ =
1
T

T−1

∑
t=0

∆(t). (4.4)

We next discuss the AoI expressions for the joint encoding scheme and the distributed

encoding scheme separately, due to the fundamental differences in these two schemes.

1. In the joint encoding scheme, since the transmitter collects the joint status update from

all the sensors, the AoI of different sensors at any time is the same, i.e.,

∆(t) = ∆n1(t) = ∆n2(t), (4.5)

where n1 and n2 ∈ {1,2, · · · ,N}. For the convenience of the following analysis, we

consider that T time slots are grouped into K frames and each frame has M time slots,

i.e., T = KM. By averaging ∆(t) over a sufficiently long observation window with

T → ∞, we obtain the average AoI as

∆J = lim
T→∞

1
T

T−1

∑
t=0

∆(t) = lim
K→∞

1
M

M−1

∑
m=0

1
K

K−1

∑
k=0

∆(kM+m). (4.6)

Since ∆(kM+m) = ∆(kM)+m, we simplify (4.6) as

∆J = lim
K→∞

1
M

M−1

∑
m=0

1
K

K−1

∑
k=0

(∆(kM)+m) = AoI0 +
1
M

M−1

∑
m=0

m = AoI0 +
M−1

2
, (4.7)

where AoI0 = limK→∞
1
K

K−1
∑

k=0
∆(kM).

2. In the distributed encoding scheme, we consider T time slots grouped into K frames and

each frame has NMh time slots, i.e., T = KNMh. Then, the average AoI is calculated as

∆D = lim
T→∞

1
T

T−1

∑
t=0

∆(t) = lim
K→∞

1
NMh

NMh−1

∑
m=0

1
K

K−1

∑
k=0

∆(kNMh +m)

= lim
K→∞

1
Mh

Mh−1

∑
m=0

1
N

N

∑
n=1

1
K

K−1

∑
k=0

∆((kN+n)Mh+m) =
1

Mh

Mh−1

∑
m=0

1
N

N

∑
n=1

AoIn,m, (4.8)

where AoIn,m = limK→∞
1
K

K−1
∑

k=0
∆((kN + n)Mh +m). Due to the same length of status

updates and blocklength of packets for N sensors, we note that

AoIn1,m = AoIn2,m, (4.9)

for any n1, n2 ∈ {1,2, · · · ,N}. Combining (4.9) with ∆(knMh +m) = ∆(knMh)+m, we
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simplify (4.8) as

∆D =
1

Mh

Mh−1

∑
m=0

AoIn,m = AoIN,0 +
Mh −1

2
. (4.10)

4.2.2 Closed-form Analysis of Average AoI

In this section, we derive the closed-form expressions for the average AoI achieved by both

encoding schemes. We first focus on the joint encoding scheme and present its average AoI in

the following theorem.

Theorem 4.1. In the joint encoding scheme with the received SNR, γ , the closed-form expres-

sion for the average AoI is derived as

∆J =
M

1− εJ
+

M−1
2

, (4.11)

where εJ = ε(L,M,γ) and ε(·, ·, ·) is given in (4.1).

Proof: In this scheme, based on (4.7), we need to derive AoI0 to obtain the average AoI.

Note that the AoI expression is periodic with the period M, which is given by

∆ ((k+ 1)M) =

M, Ck,

∆(kM)+M, otherwise,
(4.12)

where Ck is the event that the packet generated at t = kM is successfully received by the re-

ceiver. By exploiting the probability of the occurrence of Ck, denoted by Pr(Ck), we obtain

E[∆((k+1)kM)]=Pr(Ck)M+(1−Pr(Ck))E[∆(kM)+M], (4.13)

where Pr(Ck) = 1− εJ . According to [18], we obtain

AoI0 = E[∆(kM)] = E[∆((k+ 1)M)]. (4.14)

Combining (4.14) with (4.13), we derive AoI0 as

AoI0 =
M

1− εJ
. (4.15)

By substituting (4.15) into (4.6), we obtain (4.11). ■

We then derive and present the closed-form expression for the average AoI achieved by the

distributed encoding scheme in the following theorem.
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Theorem 4.2. In the distributed transmission scheme with the received SNR, γ , the closed-

form expression for the average AoI is derived as

∆ = σNMh +ψMh +
Mh −1

2
, (4.16)

where

σ =
N

∑
n=0

(
N
n

)
(−εD)n

1− εn
D

(4.17)

and

ψ =(1−εD)
N

∑
n=1

(N−n+1)
n−1

∑
n1=0

N−n

∑
n2=0

(
n−1

n1

)(
N −n

n2

)
(−1)n1+n2ε

n2
D

1− ε
n1+n2+1
D

, (4.18)

with εD = ε(Lh,Mh,γ) and ε(·, ·, ·) is given in (4.34).

Proof: In this scheme, based on (4.10), we need to derive AoIN,0 to obtain the average

AoI. Note that the AoI expression is periodic with period NMh and the AoI of Un at t = kNMh

is given by

∆n(kNMh) = δnNMh +(N −n+ 1)Mh, (4.19)

where δn is the number of consecutive transmission failures for packets from Un. We find that

δn follows a geometric distribution, whose PMF is given by

Pr(δn = δ )=ε
δ
D(1−εD). (4.20)

Based on [18], we obtain

E[∆n(kNMh)] = E[∆n((k+ 1)NMh)]. (4.21)

According to (4.3), (4.9), and (4.19), we obtain AoIN,0 in (4.10) as

AoIN,0 = max
n

E[∆n(kNMh)] = max
δn

E [δnNMh +(N −n+ 1)Mh]

= E[δmaxNMh]+E [(N −n∗+ 1)Mh] , (4.22)

where δmax = max{δn} and n∗ = min
{

argmax
n

δmax

}
. It shows that the system AoI is domi-

nated by the largest number of consecutive transmission failures in this scheme. Accordingly,

the cumulative distribution function (CDF) of δmax is given as

Fδmax(δ ) = Pr(δmax < δ ) = (1− ε
δ
D)

N . (4.23)



§4.2 The AoI of Short Packet Communications 67

Based on the CDF of δmax, we obtain the PMF of δmax as

Pr(δmax=δ ) =
(

1− ε
δ+1
D

)N
−
(

1− ε
δ
D

)N
. (4.24)

According to the PMF of δmax given in (4.24), the first item in (4.22) is calculated as

E[δmaxNMh] =
∞

∑
δ=0

δNMhPr(δmax = δ ) = NMh

∞

∑
δ=0

δ

((
1− ε

δ+1
D

)N
−
(

1− ε
δ
D

)N
)

. (4.25)

We note that

∞

∑
δ=0

δ

((
1− ε

δ+1
D

)N
−
(

1− ε
δ
D

)N
)
=

∞

∑
δ=0

δ

N

∑
n=0

(
N
n

)((
−ε

δ+1
D

)n
−
(
−ε

δ
D

)n)
= σ . (4.26)

Hence, we obtain

E[δmaxNMh] = σNMh. (4.27)

We then calculate the second item in (4.22). We first note that the number of consecutive

transmission failures of the packets from Un∗ is the largest number of consecutive transmission

failures of the packets from all the sensors, i.e., δn∗ = δmax. We also note that the number

of consecutive transmission failures of the packets from Un∗ is greater than the number of

consecutive transmission failures of the packets from Uk, ∀k < n∗, i.e., δn∗ > δk. Thus, we

obtain

Pr (n∗ = n) =
∞

∑
δ=0

n−1

∏
k=1

Pr(δk < δ )
N

∏
k=n+1

Pr(δk ≤ δ )Pr(δn = δ ). (4.28)

According to Pr(δk < δ ) = 1− εδ
D, Pr(δk ≤ δ ) = 1− ε

δ+1
D , and (4.20), we obtain

Pr (n∗=n) =
∞

∑
δ=0

(
1−ε

δ
D

)n−1(
1−ε

δ+1
D

)N−n
ε

δ
D(1−εD). (4.29)

Thus, the second item in (4.22) is calculated as

E [(N −n∗+ 1)Mh] =
N

∑
n=1

Pr (n∗ = n) (N −n+ 1)Mh = ψMh. (4.30)

By substituting (4.27) and (4.30) into (4.22), we obtain the expression for AoIN,0 as given

in (4.22). In addition, by substituting the expression for AoIN,0 into (4.10), we obtain the final

result for the distributed encoding scheme. ■

Based on Theorem 4.1 and Theorem 4.2, we obtain the expressions for the average AoI

achieved by the joint encoding scheme and the distributed encoding scheme, respectively.
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Since the block error rate is the function of the blocklength of a packet, there would exist

the optimal blocklength of a packet to minimize their average AoI for both encoding schemes.

Due to the complexity of the block error rate given in (4.1), it is hard to derive closed-form

expressions for the optimal blocklength for the proposed encoding schemes. Thus, we resort

to numerical methods to find the optimal blocklength, which are the solutions to the equation
d∆J
dM = 0 in the joint encoding scheme and the equation d∆D

dMh
= 0 in the distributed encoding

scheme.

We then compare the average AoI performance achieved by both encoding schemes by

considering the information redundancy φ . Here, we consider the same coding rate, R, in the

joint encoding scheme and the distributed encoding scheme, i.e., R = L
M = Lh

Mh
. We assume

that the coding rate leads to a low block error rate in both encoding schemes, which is due to

the fact that high reliable communication technologies are typically adopted in practice. The-

orem 4.3 compares the average AoI between two encoding schemes based on the information

redundancy.

Theorem 4.3. In the system under the assumption of the same coding rate, R, and low block

error rate for both encoding schemes, the joint encoding scheme has a better AoI performance

than the distributed encoding scheme, if φ ≥ φ0, and the distributed encoding scheme has a

better AoI performance than the joint encoding scheme, if φ < φ0. Specifically, φ0 is obtained

as

φ0 =
(3−2σ)N −2ψ −1

3
Lh. (4.31)

Proof: According to [114], the block error rate in the joint encoding scheme can be

approximated as εJ ≈ εN
D . Once εD is low, the block error rate εJ in the joint encoding scheme

is negligible. Hence, the average AoI difference between the joint encoding scheme and the

distributed encoding scheme is approximated as

∆Diff = ∆J −∆D ≈
(

3
2

(
N − φ

Lh

)
−
(

Nσ +
1
2
+ψ

))
Mh. (4.32)

Based on (4.32), we obtain ∆Diff ≤ 0 when φ ≥ φ0, and ∆Diff > 0 when φ < φ0.

■

Theorem 4.3 reveals that the joint encoding scheme is better when we can compress much

information into a joint packet, but the distributed encoding scheme is better when there is

low correlation among the information from different sensors. Moreover, comparing with

the distributed encoding scheme, the joint encoding scheme requires an extra data processing

process to eliminate information redundancy. While this step enhances data efficiency, it also

introduces computational overhead, increasing the average AoI. We note that the computation
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Figure 4.2: The average AoI of the considered system versus the coding rate, R, with N = 4, γ = 3,
and φ = 0.

time of the data processing process has a linear impact on the average AoI, which is calculated

as

∆J,Process = ∆J +TProcess, (4.33)

where TProcess is the computation time of data processing process and it is inversely proportional

to the computation rate. The limited computational resource leads to a large TProcess, degrading

the average AoI of the joint encoding scheme. It reveals that the joint encoding scheme should

be selected when the transmitter has a large amount of computational resources.

4.2.3 Numerical Results

In this section, we present numerical results and evaluate the impact of various parameters,

including the coding rate, the number of bits in a status update, the number of sensors, and

the information redundancy on the average AoI achieved by both encoding schemes in our

considered system.

Fig. 4.2 plots the average AoI of the considered system versus the coding rate, R. We

first observe that the analytical average AoI precisely matches the simulation results, which
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Figure 4.3: The average AoI of the considered system versus the number of sensors, N, with Lh = 120,
γ = 3, and φ = 0.

demonstrates the correctness of our analytical results in Theorem 4.1 and Theorem 4.2. We

then observe that for both encoding schemes, the average AoI first decreases and then increases

when R increases. This observation is due to the fact that the increase in R has a two-fold effect

on the average AoI via the blocklength of a packet and the block error rate. When R is small,

its increase leads to a smaller blocklength of packets, which decreases the average AoI of the

considered system. When R exceeds a certain threshold, its increase leads to the significant

increase in the block error rate, thereby degrading the AoI performance. We further observe

that the optimal coding rate, which minimizes the average AoI, increases when the number of

bits in a status update increases in both encoding schemes. This is because that the increase

in the number of bits in a status update leads to the increase in the transmission time and the

decrease in the block error rate. When the number of bits in a status update is low, the decrease

in the block error rate dominantly and positively affects the average AoI. When the number of

bits in a status update is high, the increase in the transmission time dominants the average AoI,

thereby degrading the AoI performance.

Fig. 4.3 plots the average AoI of the considered system versus the number of sensors, N.

We first observe that when N increases, the average AoI achieved by both encoding schemes

increases monotonically. This is because that the increase in N results in the longer trans-
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Figure 4.4: The average AoI of the considered system versus the information redundancy, φ , with
Lh = 120, γ = 3, and R = 0.8.

mission time of status updates from all the sensors, which increases the average AoI of the

system. We then observe that the joint encoding scheme achieves a lower average AoI than the

distributed encoding scheme for a high coding rate, but a larger average AoI for a low coding

rate. This is because that the block error rate increases when the coding rate increases. This

block error rate has a more pronounced impact on the average AoI for the distributed encoding

scheme than the joint encoding scheme.

Fig. 4.8 plots the average AoI of the considered system versus the information redundancy,

φ . We first observe that the analytical φ0 tightly matches the simulation result, which demon-

strates the correctness of our analytical result in Theorem 4.3. It indicates that we can adopt

Theorem 4.3 to find the optimal encoding scheme to minimize the average AoI based on the

information redundancy. We then observe that the average AoI decreases when φ increases

for the joint encoding scheme for different N. This is because that the increase in φ leads to

the small number of bits in status updates for the transmission in the joint encoding scheme.

Hence, the blocklength of a packet for the transmission decreases, which decreases the average

AoI of the system. We further observe that φ0 increases as the number of sensors increases.

This observation is due to the fact that when N is large, the distributed encoding scheme signif-

icantly increases the update frequency of the states received at the receiver, compared with the
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joint encoding scheme, which decreases the average AoI. This observation also implies that it

is better to select the joint encoding scheme when the number of sensors is small, but select

the distributed encoding scheme when the number of sensors is large.

4.2.4 Summary

This section considered a point-to-point system where a transmitter generates packets and

transmits them to a receiver under an unreliable channel. We analyzed the average AoI achieved

by two encoding schemes, i.e., the joint encoding scheme and the distributed encoding scheme,

under a finite packet block length model. By using simulation results, we demonstrated the ac-

curacy of our analysis and showed that the block error rate has a more significant impact on the

average AoI for the distributed encoding scheme than the joint encoding scheme. In addition,

we found that the distributed encoding scheme has a better AoI performance than the joint

encoding scheme in a highly reliable communication system with a large number of sensors.

4.3 Average AoI Penalty of Short Packet Communications with
Packet Management

In this section, we analytically assess the impact of three packet management strategies on

the non-linear AoI performance of a point-to-point short packet communication system. In

this system, the transmitter generates status updates and transmits them to the receiver via

an unreliable channel. We examine three packet management strategies, namely, the NPNB

strategy, the NPOB strategy, and the preemption strategy. To characterize the level of the

receiver’s dissatisfaction on outdated status update, we derive new closed-form expressions for

the average AoI penalty achieved by three packet management strategies, where a generalized

α-β AoI penalty function [115] is adopted. Aided by simulations, we demonstrate the accuracy

of our analytical results and find the relationship between the requirement of the transmission

reliability and the toleration on the outdated date.

This section is organized as follows. In Section 4.3.1, the system model and the average

AoI penalty of the considered system are presented. The closed-form expressions for the aver-

age AoI penalty are derived in Section 4.3.2. The numerical results and summary are provided

in Section 4.3.3 and 4.3.4, respectively.

4.3.1 System Model and Average AoI Penalty

4.3.1.1 System Description

We consider a point-to-point wireless communication system, where a transmitter transmits

packets to a receiver. In this system, the transmitter generates status updates according to a
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Poisson process with the rate of λ . Then the transmitter encodes the generated status updates

into packets and transmits the encoded packets to the receiver. We assume that each status

update contains a fixed number of bits, denoted by L. Once the transmitter generates a status

update, it encodes this L-bits information into a packet with the blocklength of M c.u. and

transmits this packet to the receiver. For this transmission, we define the coding rate, R, as the

ratio between the number of bits in the status update and the blocklength of the transmitted

packet, i.e., R = L/M.

To ensure the freshness of packets, we assume that the LCFS queuing policy is adopted

and there is no feedback signal sent by the receiver. When a new status update is generated

and the transmitter is in the idle state, it encodes the status update into a packet and transmits

this packet to the receiver. In this system, we examine three packet management strategies,

detailed as follows:

1. NPNB strategy: In this strategy, the buffer size is 0. If a new status update is generated

at the transmitter whilst the transmitter is transmitting a packet, the transmitter discards

the new status update and keeps the current transmission. After transmitting the current

packet, the transmitter waits for a new status update for transmission.

2. NPOB strategy: In this strategy, the buffer size is 1. If a new status update is generated

at the transmitter whilst the transmitter is transmitting a packet, the transmitter stores the

newly generated status update in the buffer and keeps the current transmission. After

transmitting the current packet, the transmitter immediately removes the status update

from the buffer and transmits this status update to the receiver.

3. Preemption strategy: If a new status update is generated at the transmitter whilst the

transmitter is transmitting a packet, the transmitter discards the current transmission and

starts to transmit the newly generated status update.

We assume an AWGN channel between the transmitter and the receiver, which is a standard

assumption in the literature, e.g., [67]. According to [62], the block error rate for the AWGN

channel using finite block length coding can be approximated as

ε(l,m,γ) = Q

 1
2 log2(1+ γ)− l

m

log2(e)
√

1
2m

(
1− 1

(1+γ2)

)
 , (4.34)

where l is the number of bits in the status update, m is the blocklength of the transmitted packet,

γ is the received SNR at the receiver, and Q(x) =
∫

∞

x
1√
2π

e−
t2
2 dt is the Q-function. The block

error rate expression in (4.34) is very tight for short packet communications when m ≥ 100

[62]. For the packet transmission in our considered system, we define the transmission time

for each c.u. as the unit time for analytical simplicity.
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Figure 4.5: Illustration of three AoI penalty functions with (a) linear AoI, (b) α > 0 and β > 0, and (c)
α < 0 and β < 0.

4.3.1.2 Formulation of AoI Penalty

In this subsection, we formulate the expression for the average AoI penalty of the considered

system. To this end, we first denote ∆(t) as the AoI at time t. Fig. 4.5(a) plots a sample

variation ∆(t) as a function of t. We assume that the observation begins at t = 0 with the AoI

of ∆(0). From Fig. 4.5(a), we express the AoI at time t as

∆(t) = t −u(t), (4.35)

where u(t) is the generation time of the most recently received status update at the receiver at

time t.

Apart from the linear AoI, we also adopt the α-β AoI penalty function [115] in this work to

characterize the receiver’s dissatisfaction level on outdated data. Mathematically, this function

is given by

C (∆ (t)) = β

(
eα∆(t)−1

)
. (4.36)

We find that C (∆ (t)) is an exponentially shaped function when α > 0 and β > 0, as shown in

Fig. 4.5(b), or a logarithmically shaped function when α < 0 and β < 0, as shown in Fig. 4.5(c)

[115]. We note that the α-β AoI penalty function is a generalized function as the linear AoI is

a special case of C (∆ (t)) with limα → 0 and β = 1/α .

We denote Pj as the jth successfully received packet generated after time t = 0, j = 1,2, · · · .
We then denote ζ j as the time interval from the received time of Pj−1 to the received time of

Pj and denote Tj as the time interval from the generation time of Pj to the received time of Pj.

Thus, we obtain

ζ j = t ′j − t ′j−1 and Tj = t ′j − t j, (4.37)

where t j is the generation time of Pj and t ′j is the time that Pj is received.
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According to [115], the average AoI penalty is given by

C =
E[Q j]

E[ζ j]
, (4.38)

where Q j is the area under curve in Fig. 4.5. In (4.38), the area Q j is calculated as

Q j =
∫ t ′j

t ′j−1

C(∆(t))dt =
∫

ζ j+Tj−1

0
C(∆(t))dt −

∫ Tj−1

0
C(∆(t))dt

=
β

α
eαTj−1

(
eαζ j −1

)
−βζ j. (4.39)

Since the LCFS queuing policy is adopted, ζ j is independent of Tj−1. By substituting (4.39)

into (4.38), and using the fact that ζ j is independent of Tj−1, we obtain

C =
βE
[
eαTj−1

](
E
[
eαζ j

]
−1
)

αE [ζ j]
−β . (4.40)

We next analyze C achieved by three strategies.

4.3.2 Analysis of Average AoI Penalty

In this section, we derive the closed-form expressions for the average AoI penalty achieved

by three packet management strategies. We first focus on the NPNB strategy and present its

average AoI penalty in the following theorem.

Theorem 4.4. Considering the NPNB strategy with the received SNR, γ , the closed-form

expression for the average AoI penalty is derived as

CNPNB =
βeαM

(
λ 2 (1− εγ)

(
eαM −1

)
+α

)
α (λM+ 1) (λ (1− εγeαM)−α)

−β , (4.41)

where εγ = ε(L,M,γ) and ε(·, ·, ·) is given in (4.34). Proof: Based on (4.40), we need to

derive E[eαTj−1 ], E
[
eαζ j

]
, and E[ζ j] to obtain the average AoI penalty. Since Tj−1 = M for

the NPNB strategy, we first obtain

E
[
eαTj−1

]
= eαM. (4.42)

We then derive E
[
eαζ j

]
and E[ζ j]. Here, we denote H j as the number of packets trans-

mitted to the receiver after Pj−1 is received but by Pj is received, and Pj,h as the hth packet
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transmitted to the receiver after Pj−1 is received, where Pj,H j = Pj. We note that

ζ j =
H j

∑
h=1

B j,h, (4.43)

where B j,h is the time interval from the time that Pj,h−1 is transmitted to the receiver to the time

that Pj,h is transmitted to the receiver. Here, we note that if h = 1, Pj,0 = Pj−1. We find that H j

follows a geometric distribution, where the PMF of H j is given by

Pr (H j = H) = (1− εγ)ε
H−1
γ . (4.44)

In (4.43), B j,h is calculated by

B j,h = Vj,h +M, (4.45)

where Vj,h is the time that the transmitter is in the idle state during B j,h. Since Vj,k follows an

exponential distribution, we obtain

E
[
eαB j,h

]
= eαME

[
eαVj,h

]
= eαM λ

λ −α
. (4.46)

By substituting (4.46) and (4.44) into (4.43), we obtain E
[
eαζ j

]
as

E
[
eαζ j

]
=

∞

∑
h=1

(1− εγ)ε
h−1
γ E

[
eαB j,h

]h
=

λ (1− εγ)eαM

λ (1− εγeαM)−α
. (4.47)

Finally, based on (4.43) and (4.45), we calculate E[ζ j] as

E [ζ j] =
λM+ 1

λ (1− εγ)
. (4.48)

By substituting (4.42), (4.47), and (4.48) into (4.40), we obtain the final result in (4.41), which

completes the proof. ■

We find from Theorem 4.4 that in order to guarantee the existence of a finite average

AoI penalty, α needs to satisfy two conditions, namely, α < − logεγ

M and λ
(
1− εγeαM

)
> α .

Otherwise, the average AoI penalty goes to infinity in the NPNB strategy.

We then derive and present the closed-form expression for the average AoI penalty achieved

by the NPOB strategy in the following theorem.

Theorem 4.5. Considering the NPOB strategy with the received SNR, γ , the closed-form
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expression for the average AoI penalty is derived as

CNPOB =
βλeαM (1− εγ)

α
(
λM+e−λM

)(e−λM +
λ

λ −α

(
1− e(α−λ )M

))
×

(
(1− εγ)eαM

(
λ −α(1− e−λM)

)
λ (1− eαMεγ)−α

(
1− εγ(eαM − e(α−λ )M)

) −1

)
−β . (4.49)

Proof: Again, we need to derive E
[
eαTj−1

]
, E
[
eαζ j

]
, and E[ζ j] to obtain the average AoI

penalty. We first derive E
[
eαTj−1

]
as

E
[
eαTj−1

]
= E

[
eα(M+W j−1)

]
= eαME

[
eαWj−1

]
, (4.50)

where Wj−1 is the waiting time of Pj−1 in the buffer. We note that Wj−1 = 0 when Pj−1 is

generated after the transmission of Pj−2 and it follows an exponential distribution when Pj−1

is generated during the transmission of Pj−2. We then calculate E
[
eαWj−1

]
as

E
[
eαWj−1

]
=
∫ M

0
eαt

λe−λ tdt +
∫

∞

M
λe−λ tdt = e−λM +

λ

λ −α

(
1− e(α−λ )M

)
. (4.51)

By substituting (4.51) into (4.50), we obtain E[eαTj−1 ].

We then derive E
[
eαζ j

]
and E[ζ j]. We note that Vj,h exists if and only if Pj,h is generated

when the transmitter is in the idle state after Pj,h−1 is served and the probability of Vj,h = 0 is

Pr (Vj,h = 0) = 1−e−λM for the NPOB strategy. Hence, we calculate E
[
eαVj,h

]
and E[Vj,h] as

E
[
eαVj,h

]
= 1− e−λM + e−λM

∫
∞

0
eαt

λe−λ tdt = 1+
αe−λM

λ −α
. (4.52)

and

E [Vj,h] = e−λM
∫

∞

0
tλe−λ tdt =

e−λM

λ
, (4.53)

respectively. By substituting (4.52) and (4.53) into (4.45), and combining the result with (4.43),

we obtain E
[
eαζ j

]
as

E
[
eαζ j

]
=

(1− εγ)eαM
(
λ −α(1− e−λM)

)
λ (1− eαMεγ)−α

(
1− εγ(eαM − e(α−λ )M)

) (4.54)

and obtain E [ζ j] as

E [ζ j] =
λM+ e−λM

λ (1− εγ)
. (4.55)
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By substituting (4.50), (4.54), and (4.55) into (4.40), we obtain the final result in (4.49), com-

pleting this proof. ■

We find from Theorem 4.5 that in order to guarantee the existence of a finite average AoI

penalty, α needs to satisfy two conditions, namely, α < − logεγ

M and (λ −α)
(
1− εγeαM

)
>

αεγe(α−λ )M. Otherwise, the average AoI penalty goes to infinity in the NPOB strategy.

We note that the information freshness is usually improved by eliminating the waiting time

of the transmitter for a new packet and the waiting time of a packet in the buffer, which is

the zero-waiting policy. Under this policy, i.e., λ → ∞, we find that the average AoI penalty

achieved by the NPNB strategy is same as the average AoI penalty achieved by the NPOB

strategy, which is given by

CZW =
βeαM (1− εγ)

(
eαM −1

)
αM (1− εγeαM)

−β , (4.56)

where α < − logεγ

M needs to be satisfied to guarantee the existence of a finite average AoI

penalty.

We further derive the average AoI penalty achieved by the preemption strategy in the fol-

lowing Theorem.

Theorem 4.6. Considering the preemption strategy with the received SNR, γ , the closed-form

expression for the average AoI penalty is derived as

CP =
βλe(α−λ )M (1−εγ)

(
αeλM −λεγ

(
eαM −1

))
α
((

λeαM −αeλM
)
−λεγ

) −β . (4.57)

Proof: To obtain the average AoI penalty, E
[
eαTj−1

]
, E
[
eαζ j

]
, and E [ζ j] need to be derived.

Since Tj−1 = M for the preemption strategy, we obtain E
[
eαTj−1

]
as

E
[
eαTj−1

]
= eαM. (4.58)

We then derive E
[
eαζ j

]
and E [ζ j]. For the preemption strategy, we note that

B j,h = Vj,h +
K j,h

∑
k=0

S j,h,k +M, (4.59)

where K j,h is the preemption times of the packet of Pj,h and S j,h,k is the transmission time of the

kth preempted packet. We note that Pj,h is not preempted, i.e., K j,h = 0, with the probability

Pr(K j,h = 0) = e−λM and K j,h follows a geometric distribution, i.e., Pr(K j,h = K) = (1 −
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e−λM)Ke−λM. Hence, we calculate E
[
eαB j,h

]
and E [B j,h] as

E
[
eαB j,h

]
=

λeαM

λ −α

∞

∑
k=0

e−λM

(
λ
(
eλM − eαM

)
(λ −α)eλM

)k

=
λeαM

λeαM −αeλM , (4.60)

and

E [B j,h] =
1
λ
+M+E [K j,h]E [S j,h,k] =

1
λe−λM , (4.61)

respectively. By substituting (4.60) and (4.61) into (4.43), we obtain E
[
eαζ j

]
and E [ζ j] as

E
[
eαζ j

]
=

λeαM(1− εγ)

λeαM −αeλM −λεγ

, (4.62)

and

E [ζ j] =
1

λe−λM (1− εγ)
, (4.63)

respectively. By substituting (4.58), (4.62), and (4.63) into (4.40), we obtain the final result in

(4.57). This completes the proof. ■

We find from Theorem 4.6 that in order to guarantee the existence of a finite average

AoI penalty, α needs to satisfy two conditions, namely, α < λ and
(
λeαM −αeλM

)
> λεγ .

Otherwise, the average AoI penalty goes to infinity in the preemption strategy.

So far, we have obtained the expressions for the average AoI penalty achieved by the

NPNB strategy, the NPOB strategy, and the preemption strategy in Theorems 4.4, 4.5, and 4.6,

respectively. Since the block error rate is the function of the packet blocklength, there would

exist the optimal coding rate to minimize the average AoI penalty for three strategies. Due to

the complex form of the block error rate given in (4.34), it is difficult to derive closed-form

expressions for the optimal packet blocklength for these three strategies. Thus, we resort to

numerical methods, e.g., numerical search methods, to find the optimal packet blocklengths.

4.3.3 Numerical Results

In this section, we present numerical results to evaluate the impact of various parameters,

including the coding rate, status update generation rate, and the value of α on the average AoI

penalty, achieved by three strategies in our considered system. We then examine how the value

of α affects the optimal coding rate in the system.

Fig. 4.6 plots the average AoI penalty versus the coding rate, R. We first observe that the

analytical average AoI penalty precisely matches the simulation results, which demonstrates
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Figure 4.6: Average AoI penalty versus the coding rate, R, with λ = 0.01, γ = 3, and L = 100 for

C (∆(t)) = 10
(

e0.002∆(t)−1
)

.

the correctness of our analytical results in Theorems 4.4, 4.5, and 4.6. We then observe that for

three strategies, the average AoI penalty first decreases and then increases when R increases.

This observation is due to the fact that the increase in R has a two-fold effect on the average AoI

penalty through the packet blocklength and the block error rate. When R is small, the increase

in R leads to the smaller packet blocklength, which decreases the average AoI penalty. When

R is large and exceeds a certain threshold, the increase in R brings about a significant increase

in the block error rate, thereby increasing the average AoI penalty.

Fig. 4.7 plots the average AoI penalty versus the status update generation rate, λ . We

first observe that for both the NPNB and NPOB strategies, the average AoI penalty decreases

monotonically when λ increases, which approaches the average AoI penalty under the zero-

waiting policy when λ is large. This is because the increase in λ decreases the transmitter’s

waiting time for a new status update, which in turn decreases the average AoI penalty. We then

observe that the NPOB strategy achieves a lower average AoI penalty than the NPNB strategy

when λ is small, but a larger average AoI penalty when λ is large. This is because when λ

is small, the NPOB strategy has a higher update frequency, which deceases the average AoI
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Figure 4.7: Average AoI penalty versus the status update generation rate, λ , with R = 0.85, γ = 3, and

L = 100, for (a) C (∆(t)) = 10
(

e0.002∆(t)−1
)

and (b) C (∆(t)) = −12
(

e−0.005∆(t)−1
)

.

penalty. When λ is large and exceeds a threshold, the priority of this higher update frequency

reduces and the transmitted packets are outdated compared to the NPNB strategy, leading to

the higher average AoI penalty. We further observe that the average AoI first decreases and

then increases when λ increases in the preemption strategy. This observation is due to the

fact that the increase in λ has a two-fold effect on the average AoI penalty. When λ is small,

the increase in λ reduces the transmitter’s waiting time after a successful transmission, which

decreases the average AoI penalty. When λ exceeds a certain threshold, the increase in λ leads

to a significant increase in the probability that a status update is preempted, thereby increasing

the average AoI penalty. In addition, we find that non-preemption strategies, including the

NPNB and NPOB strategies, achieve a better AoI performance than the preemption strategy.

Fig. 4.8 plots the optimal coding rate versus the value of α . We observe that the optimal

coding rate decreases as the value of α increases. Here, we note that a lower coding rate

represents fewer transmission errors and higher transmission reliability. It implies that the

system requires high reliability when having a relatively low tolerance to outdated data, but

low reliability when having a relatively high tolerance to outdated data. It follows that the non-

linear AoI penalty reflects not only the receiver’s dissatisfaction on outdated data but also the

reliability requirement of short packet communications. Based on this observation, the value
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Figure 4.8: The optimal coding rate of the system versus the value of α , with λ = 0.01, γ = 3, L = 100,
and β = 1
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of α can be designed according to the transmission reliability requirement.

4.3.4 Summary

This section considered a point-to-point system where a transmitter generates packets and

transmits them to a receiver via an unreliable channel. By considering non-linear α-β AoI

penalty, we analyzed the average AoI penalty achieved by three packet management strate-

gies, i.e., the NPNB strategy, the NPOB strategy, and the preemption strategy, based on a

finite packet blocklength model. With simulation results, we demonstrated the accuracy of our

analysis and showed that the NPNB strategy and NPOB strategies are more suitable than the

preemption strategy for short packet communication systems by achieving a lower average AoI

penalty. Moreover, we found that the system requires high transmission reliability when the

receiver has a low tolerance to outdated data, but low transmission reliability when the receiver

has a high tolerance.



Chapter 5

AoI Based Transmission Scheme
Selection

5.1 Introduction

In this chapter, we analytically address the question of whether to adopt broadcast transmis-

sion or unicast transmission for the optimal AoI performance. In particular, we study the AoI

performance of a multi-user downlink system where a BS generates and transmits status up-

dates to multiple UEs with two transmission schemes, i.e., the broadcast transmission scheme

and the unicast transmission scheme. In the broadcast transmission scheme, the status update

for all UEs is jointly encoded into a packet for transmission, while in the unicast transmission

scheme, the status update for each UE is encoded individually and transmitted by following the

RR policy. For both transmission schemes, we examine three packet management strategies,

namely the non-preemption strategy, the preemption in buffer strategy, and the preemption in

serving strategy. We first derive new closed-form expressions for the average AoI achieved

by two transmission schemes with three packet management strategies. Then, we compare the

AoI performance of two transmission schemes in two systems, namely, a remote control sys-

tem where the distances between the control BS and all UEs are almost same, and a dynamic

system where the location of UEs follows a two-dimensional Poison point process (2D-PPP)

within the coverage area of the BS. Aided by simulation results, we demonstrate the accu-

racy of our analytical results and discuss the appropriate choice of the transmission scheme

to decrease the average AoI in the considered system. We find that the unicast transmission

scheme is more appropriate for the system with a large number of UEs, while the broadcast

transmission scheme is more appropriate for the system with a small number of UEs.

This chapter is organized as follows. In Section 5.2, the system model and two transmission

schemes are described. New closed-form expressions for the average AoI of two transmission

schemes with different packet management strategies are derived in Section 5.3. In Section

5.4, the appropriate transmission schemes are decided based on the AoI performance in two

systems. The numerical results are discussed in Section 5.5 and the summary is presented in

83
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Figure 5.1: Illustration of our considered multi-user system where the BS transmits status update to N
UEs.

Section 5.6.

5.2 System Model

5.2.1 System Description

We consider a multi-user wireless communication system, as depicted in Fig. 5.1, where a BS

transmits status updates to N UEs1. We denote the nth UE by Un, where n = 1,2, · · · ,N. In

this system, the BS generates the status update for N UEs according to a Poisson process with

the rate λ . Then, packets are generated by the BS based on the generated status update, and

the packets are transmitted from the BS to UEs. In this system, we consider two transmission

schemes, namely, the broadcast transmission scheme and the unicast transmission scheme,

described as follows:

• In the broadcast transmission scheme, we assume that the status update for N UEs con-

tains L bits, where L is a fixed value. Once the BS generates the status update, it encodes

these L bits into a packet with the blocklength of M c.u. and transmits this packet to N

UEs. For this transmission, we define the coding rate, R, as the ratio between the number

of bits in the status update and the blocklength of the transmitted packet, i.e., R = L
M .

1Note that the non-feedback mechanism is considered in this chapter to eliminate the feedback overhead.
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• In the unicast transmission scheme, the BS separately transmits the status update to N

UEs by following an RR policy. We denote the length of the status update and the

packet blocklength for Un by Ln and Mn, respectively. For this transmission, we define

the coding rate for Un, Rn, as the ratio between the number of bits in the status update

and the blocklength of the transmitted packet, i.e., Rn =
Ln
Mn

.

We clarify that the total number of bits of the status update for N UEs is L in the broad-

cast transmission scheme and ∑
N
n=1 Ln in the unicast transmission scheme. According to the

information correlation among UEs, the joint information is less than or equal to the sum of

individual information, i.e., L ≤ ∑
N
n=1 Ln. Thus, we denote α as the information ratio be-

tween the broadcast transmission scheme and the unicast transmission scheme and express it

by α = L
∑

N
n=1 Ln

, where 0 < α ≤ 1.

We assume an AWGN channel between the BS and each UE, which has been widely con-

sidered in the literature, e.g., [63, 64, 67, 102]. According to [62], the block error rate for Un

using finite block length coding can be approximated as

εn(l,m,γn) = Q

 1
2 log2(1+ γn)− l

m

log2(e)
√

1
2m

(
1− 1

(1+γ2
n )

)
 , (5.1)

where l is the number of bits in the status update, m is the packet blocklength, and γn is the re-

ceived SNR at Un. We clarify that the results obtained for the AWGN channel can be extended

to the small-scale fading channel2. We note that (5.1) is very tight for short packet communi-

cations when m≥100 [62]. For our considered system, we denote Tu as the transmission time

for each c.u.. To facilitate our analysis, we define Tu as the unit time.

We note that, apart from the transmission time, the BS requires an extra pre-processing and

status update processing time to send connection requests for establishing the transmission link

with each UE and processing the status update for each UE in the unicast transmission scheme,

compared with the broadcast transmission scheme [116]. Here, we denote ML as the time spent

on the pre-processing and status update processing for each UE. Hence, we define the serving

time as ML +Mn and the ratio between the transmission time and the serving time for Un is

ρn =
Mn

ML+Mn
in the unicast transmission scheme.

2With small-scale fading, the block error rate for Un using finite block length coding can be approximated as

εn(l,m,γn) =
∫

∞

h̄n=0 f (h̄n)Q

 1
2 log2(1+γnh̄n)− l

m

log2(e)
√

1
2m

(
1− 1

(1+(γnh̄n)2)

)
dh̄n, where h̄n is the small-scale channel gain of Un and

f (h̄n) is the PDF of h̄n.
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(a) UNINP strategy.

(b) UNIPB strategy.

(c) UNIPS strategy.

Figure 5.2: An example to illustrate the timeliness of the unicast transmission scheme with three packet
management strategies in a three-UE system.

5.2.2 Packet Management Strategies

To ensure the freshness of packets, we assume that the LCFS queuing policy is adopted and the

buffer at the BS only stores the newest status update. In the broadcast transmission scheme,

when a new status update is generated and the BS is in the idle state, the BS encodes the

status update into a packet and transmits this packet to all UEs. When a new status update is

generated at the BS and the BS is transmitting a packet, we examine two packet management

strategies, namely, the non-preemption strategy and the preemption in serving strategy, detailed

as follows:

• Broadcast transmission with non-preemption (BRNP) strategy: In this strategy, if a new

status update is generated at the BS and the BS is transmitting a packet, the BS stores

the new status update in the buffer and keeps the current transmission.

• Broadcast transmission with preemption in serving (BRPS) strategy: In this strategy,

preemption is considered such that the newly generated status update always preempts

the transmission of the current status update. Specifically, if a new status update is

generated at the BS and the BS is transmitting a status update, the BS discards the current

transmission and starts to transmit the new status update.

In the unicast transmission scheme, when a new status update is generated and the BS is

in the idle state, the BS processes the status update and transmits the packets to N UEs, i.e.,

U1, U2, · · · , UN . In particular, the BS processes the status update and encodes the required

status update information for Un into a packet. Then the BS establishes the transmission link
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with Un and transmits this packet. After the transmission of Un’s packet, the BS repeats this

step for Un+1 until all UEs are served. We note that the BS sends the status update only

once for each UE. When a new status update is generated at the BS and the BS is serving a

packet, we examine three packet management strategies, namely the non-preemption strategy,

the preemption in buffer strategy, and the preemption in serving strategy, detailed as follows:

• Unicast transmission with non-preemption (UNINP) strategy: In this strategy, if a new

status update is generated at the BS and the BS is serving a UE, the BS stores the new

status update in the buffer and keeps the current service. We note that the serving order

of each status update is always from U1 to UN in this strategy.

• Unicast transmission with preemption in buffer (UNIPB) strategy: In this strategy, when

a new status update is generated at the BS and the BS is serving Un, the BS stores the

new status update in the buffer. After the transmission of Un’s packet, the BS processes

this status update and transmits it to Un+1.

• Unicast transmission with preemption in serving (UNIPS) strategy: In this strategy, pre-

emption is considered such that the newly generated status update always preempts the

service of the current status update. Specifically, if a new status update is generated at

the BS and the BS is serving Un, the BS discards the current serving and starts to serve

the new status update for Un.

In Fig 5.2, we provide an example of the timeliness of the unicast transmission scheme with

three packet management strategies in a three-UE system. We note that the BRNP strategy and

the BRPS strategy can be considered as the special case of the UNINP strategy and the UNIPS

strategy with N = 1 and ML = 0, respectively.

5.2.3 Formulation of AoI

In this subsection, we formulate the average AoI of the considered system. Without loss of

generality, we arbitrarily select one UE, Un, and analyze its average AoI, ∆n. We denote ∆n(t)

as the AoI of Un at time t. We assume that the observation begins at t = 0 with the AoI of

∆n(0). Then, we express the AoI at time t as

∆n(t) = t −un(t), (5.2)

where un(t) is the generation time of the most recently received status update at Un at time t.

Then, the time-average AoI of Un over the observation time interval (0,τ) is calculated as

∆n =
1
τ

∫
τ

0
∆n(t)dt. (5.3)



88 AoI Based Transmission Scheme Selection

We denote Pj as the jth successfully received status update for Un generated after time

t = 0, j = 1,2, · · · . We then denote ζ j as the time interval from the received time of Pj−1 to

the received time of Pj and denote Tj as the time interval from the generation time of Pj to the

received time of Pj. Therefore, we express ζ j and Tj as

ζ j = t ′j − t ′j−1 (5.4)

and

Tj = t ′j − t j, (5.5)

respectively, where t j is the generation time of Pj and t ′j is the time for Un to receive Pj.

According to [19], the average AoI of Un is thus calculated as

∆n =
E[ζ 2

j ]

2E[ζ j]
+E[Tj], (5.6)

where E[·] denotes the expectation. By averaging ∆n over all UEs, we obtain the average AoI

of the considered system as

∆ =
1
N

N

∑
n=1

∆n. (5.7)

5.3 Closed-form Analysis of Average AoI

In this section, we derive new closed-form expressions for the average AoI of Un in two trans-

mission schemes with different packet management strategies. We first focus on the UNINP

strategy and derive the closed-form expression for its average AoI in the following Theorem.

Theorem 5.1. In the UNINP strategy, the closed-form expression for the average AoI of Un

with the received SNR, γn, is derived as

∆UNINP,n =
1+ εn

2(1− εn)

(
MT +

1
λ

e−λMT

)
+

(2e−λMT − e−2λMT)

2(λ 2MT +λe−λMT)

−
N

∑
k=n+1

M′
k +

(
1
λ
+MT

)
(1− e−λMT), (5.8)

where M′
k = Mk +ML, MT = ∑

N
k=1 M′

k, and εn = ε(Ln,Mn,γn).

Proof: See Appendix B.1. ■

Using Theorem 5.1, the average AoI of the system in the UNINP strategy can be obtained

by averaging ∆n over all UEs. We find that the average AoI of the system is minimized if Mn
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is monotonically non-decreasing w.r.t. n, i.e., Mn1 ≥ Mn2 , for any n1 > n2. It indicates that the

UE with the shortest blocklength needs to be served first in the UNINP strategy.

We next derive the average AoI in the UNIPB strategy. To facilitate our derivation, we

define gk1,k2 = k1+k2 if k1+k2 ≤ N, but gk1,k2 = k1+k2−N if k1+k2 > N, where k1 and k2 =

1,2, · · · ,N. We then present the closed-form expression for the average AoI in the following

theorem.

Theorem 5.2. In the UNIPB strategy, the closed-form expression for the average AoI of Un

with the received SNR, γn, is derived as

∆UNIPB,n =
1+ εn

2(1− εn)
(MT + ξ )+

1− e−λMT

λ
+

2ξ −λξ 2

2λ (MT + ξ )

−
N

∑
k=1

M′
gk,n

e−λMT

(
1− e−λ ∑

N−1
κ=k M′

gκ ,n

)
1− e−λMT

+M′
n(1− e−λMT), (5.9)

where ξ = e−λMT

λ (1−e−λMT )
∑

N
k=1(1− e−λM′

gk,n ).

Proof: See Appendix B.2. ■

To improve the freshness of information, the system is always designed to eliminate the

waiting time in the buffer, which is the zero-waiting policy. Under this policy, we obtain

the closed-form expressions for the average AoI in the UNINP and UNIPB strategies in the

following Corollary.

Corollary 5.1. With the received SNR, γn, the closed-form expression for the average AoI of

Un in the UNINP strategy under the zero-waiting policy is given by

∆UNINPZ,n =
1+ εn

2(1− εn)
MT +MT −

N

∑
k=n+1

M′
k, (5.10)

and the closed-form expression for the average AoI of Un in the UNIPB strategy under the

zero-waiting policy is given by

∆UNIPBZ,n =
1+ εn

2(1− εn)
MT +M′

n. (5.11)

Proof: Since the LCFS queuing policy is adopted in the BRNP and UNINP strategies,

the zero-waiting policy is achieved when λ → ∞. Hence, we obtain ∆UNINPZ,n = lim
λ→∞

∆UNINP,n

and ∆UNIPBZ,n = lim
λ→∞

∆UNIPB,n, resulting in (5.10) and (5.11), respectively. ■

From Corollary 5.1, we find that the UNIPB strategy always outperforms the UNINP strat-

egy by achieving a lower average AoI under the zero-waiting policy. This is due to the fact that
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comparing with the UNINP strategy, the UNIPB strategy eliminates the waiting time of status

update for each UE caused by the service of other UEs.

We further derive the average AoI in the UNIPS strategy in the following Theorem.

Theorem 5.3. In the UNIPS strategy, the closed-form expression for the average AoI of Un

with the received SNR, γn, is derived as

∆UNIPS,n =
1+ εn

2λ (1− e−λMT)(1− εn)

N

∑
k=1

pk

1− pk
+

N

∑
k=1

M′
gk,n

e−λ ∑
N
κ=k+1 M′

gκ ,n − e−λMT

1− e−λMT

+
λe−λMT

2ψ

[
2ψ −ψ2

λ 2 +
N

∑
k=1

(
pk

1− pk

(
2

λ 2 +
pk

λ 2(1− pk)

)
−

2M′
gk,n

λ (1− pk)

)

− 2e−λMT

1− e−λMT

N

∑
k=1

pk

1− pk

k−1

∑
κ=1

pκ

1− pκ

(
1
λ
−

M′
gκ ,n

(1− pκ)

pκ

)]
, (5.12)

where pk = 1− e−λM′
gk,n and ψ = e−λMT

1−e−λMT ∑
N
k=1

pk
1−pk

.

Proof: See Appendix B.3. ■

We clarify that in Theorem 5.1–5.3 and Corollary 5.1, the transmission time, Mn = Ln/Rn,

is fixed when the length of the status update, Ln, and the coding rate, Rn, for Un are fixed.

Since the BRNP strategy and the BRPS strategy are the special case of the UNINP strategy

and the UNIPS strategy with N = 1 and ML = 0, respectively, we obtain the closed-form

expressions for the average AoI in the BRNP strategy and the BRPS strategy in the following

Corollary.

Corollary 5.2. The closed-form expressions for the average AoI of Un with the received SNR,

γn, in the BRNP strategy and the BRPS strategy are given by

∆BRNP,n =
1+ εn

2(1− εn)

(
M+

1
λ

e−λM
)
+

2e−λM − e−2λM

2
(
λ 2M+λe−λM

) +( 1
λ
+M

)(
1− e−λM

)
(5.13)

and

∆BRPS,n =
1

λe−λM(1− εn)
, (5.14)

respectively.

Proof: By substituting L = L1, M = M1, N = 1, and ML = 0 into (5.8) and (5.12), we

obtain the closed-form expressions for the average AoI of Un in the BRNP strategy and the

BRPS strategy, given by (5.13) and (5.14), respectively. ■

In Corollary 5.2, the transmission time, M = L/R, is fixed when the length of the status

update, L, and the coding rate, R, are fixed. From Corollary 5.2, we find that the average
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AoI monotonically decreases w.r.t. the status update generation rate, λ , in the BRNP strategy.

Moreover, we find that the optimal status update generation rate is λ = 1
M in the BRPS strategy.

5.4 Transmission Scheme Selection

In this section, we investigate the selection of appropriate transmission scheme for two sys-

tems, namely, a remote control system and a dynamic system, which correspond to a remote

control automation factory and a vehicular network, respectively. To facilitate this investi-

gation, we compare the average AoI achieved by both transmission schemes with the non-

preemption strategy, i.e., the BRNP strategy and the UNINP strategy, against the information

ratio, α . Specifically, we assume that all UEs require the same length of the status update, i.e.,

Ln = Lh, n = 1,2, · · · ,N.

5.4.1 Remote Control System

In a remote control automation factory, a large number of UEs are employed and the distances

between the control BS and these UEs are almost same, since the UEs are located close to

each other. Moreover, these UEs may require to cooperate with each other [117], implying

that the required information between the cooperated UEs is highly correlated. To characterize

these properties in a remote control automation factory, we consider a remote control system in

this subsection and compare the average AoI achieved by the BRNP strategy and the UNINP

strategy against the information ratio, α . In this system, we assume that UEs have the same

received SNR, i.e., γn = γh, and consider the same coding rate, R, in these two strategies,

i.e., R = L
M = Lh

Mh
, where Mn = Mh and ρ = ρn, n = 1,2, · · · ,N. We also assume that the

coding rate is low, leading to a low block error rate, which is due to the fact that high reliable

communication scenarios are of great interests in practice. Theorem 5.4 characterizes the

condition of α where the average AoI in one strategy is better than another.

Theorem 5.4. In the remote control system, the BRNP strategy has a better AoI performance

than the UNINP strategy, if α ≤ αth, and the UNINP strategy has a better AoI performance

than the BRNP strategy, if α > αth. Specifically, the information ratio threshold αth satisfies

(
3
2
− e−λαthρMT

)
αthρMT +

1
2λ

Ω (λαthρMT) =

(
2N + 1

2N
− e−λMT

)
MT +

1
2λ

Ω (λMT) ,

(5.15)

where Ω(ω) = 2e−ω−e−2ω

ω+e−ω − e−ω .

Proof: See Appendix B.4. ■
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Theorem 5.4 reveals that the BRNP strategy is better when there is high correlation among

the information for UEs, but the UNINP strategy is better when there is low correlation among

the information for UEs. Moreover, we find that the threshold αth monotonically decreases as

the ratio between the transmission time and the serving time, ρ , increases. This indicates that

the BRNP strategy has a better AoI performance than the UNINP strategy when the time spent

on the pre-processing and status update processing, ML, is long.

We then examine the value of αth under the zero-waiting policy, i.e., λ → ∞, and the

sporadic status update generation rate, i.e., λ → 0, in the following Corollary.

Corollary 5.3. The information ratio threshold αth under the zero-waiting policy is given by

αth =
2N + 1
3Nρ

, (5.16)

and αth under the sporadic status update generation rate is given by

αth =
N + 1
2Nρ

. (5.17)

Proof: When λ → ∞, (5.15) can be rewritten as

3
2

αthρMT =
2N + 1

2N
MT, (5.18)

which leads to (5.16). When λ → 0, we substitute e−λMT = 1−λMT into (5.15), which gives

1
2

αthρMT −
1−λαthρMT

2λ
+

1
2λ 2 =

1
2N

MT −
1−λMT

2λ
+

1
2λ 2 . (5.19)

Hence, we obtain (5.17). ■

From Corollary 5.3, we find the relationship between the number of UEs and the infor-

mation ratio threshold, i.e., the information ratio threshold monotonically decreases when the

number of UEs increases. This finding indicates that the UNINP strategy is better than the

BRNP strategy when the number of UEs is large. Moreover, we find that the information ratio

threshold is high under the zero-waiting policy, but is low under the sporadic status generation

rate. This finding indicates that the BRNP strategy is better for large λ and the UNINP strategy

is better for small λ .

5.4.2 Dynamic System

In vehicular wireless networks, the number and locations of UEs may change from time to

time. Since nearby vehicles in a vehicular network share very similar surrounding traffic en-

vironment, it means that all vehicles may share a large amount of common information, e.g.,
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the road condition, traffic condition, and the locations of surrounding buildings, pedestrians,

and vehicles. Moreover, each vehicle requires its own individual information, e.g., velocity

requirement, navigation service, and control command at intersections. In this subsection, we

consider a dynamic system to characterize the features of a vehicular network [118]. In this

system, we assume that the BS is located at the center and covers a circular annulus with inner

radius D1 and outer radius D2, where D2 > D1 ≥ 1. In this area, we assume that the location

of UEs follows a 2D-PPP with the intensity λUE . In this system, we assume that all UEs have

the same common information and each UE has its own individual information with the same

length. Here, we denote Lco as the number of bits of the common information and Lid as the

number of bits of the individual information for each UE. Hence, with N UEs in the system,

the number of bits of the required status update for each UE is Lh = Lco + Lid and the total

number of bits of the status update is L = Lco +NLid. We then denote β as the ratio between

the individual information and the common information, i.e., β = Lid
Lco

. We note that the infor-

mation ratio, α , is given as α = Nβ+1
N(β+1) of the system with N UEs. Since the information ratio,

α , changes as the number of UEs changes, we compare the AoI performance of two strategies

based on the ratio between the individual information and the common information, β , in this

system. We further assume that all UEs have the same path loss exponent, η ≥ 2, and the

received SNR at the reference distance d0 = 1 meter is γ = γ0. As per the path loss model,

the received SNR of UE with the distance d to the BS is γ = γ0d−η . Accordingly, we denote

C0 =
1
2 log2(1+ γ0) as the channel capacity with the received SNR γ0, CD1 =

1
2 log2(1+ γD1)

as the channel capacity with the received SNR γD1 = γ0D−η

1 , and CD2 =
1
2 log2(1+ γD2) as the

channel capacity with the received SNR γD2 = γ0D−η

2 . In the BRNP strategy, the BS transmits

the status update with the coding rate CD2 , i.e., R = CD2 , which covers the entire area. In the

UNINP strategy, we assume that the BS detects the location of UEs and transmits their packets

based on their location to minimize the average AoI of the system. Since the BS monitors the

covered area in real time, the zero-waiting policy is adopted in this system.

Considering the dynamic system, we analyze and compare the expected average AoI achieved

by the BRNP strategy and the UNINP strategy in the following Theorem.

Theorem 5.5. In the dynamic system, the expected average AoI in the BRNP strategy is ap-

proximated by

E [∆BRNPZ] ≈
3

2CD2

((
1− e−Λ

)
Lco +ΛLid

)
, (5.20)

and the expected average AoI in the UNINP strategy is approximated by

E [∆UNINPZ] ≈
(

1− e−Λ

2
+Λ

)(
Lco +Lid

CΛ
+ML

)
, (5.21)
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where Λ = λUEπ(D2
2−D2

1) and CΛ =
(D2

2−D2
1)η

22+
4C0
η ln2(Ei(x1)−Ei(x2))

. In CΛ, Ei(x) =−
∫

∞

−x
e−t

t dt is the

exponential integral function, x1 = − 4
η

CD1 ln2, and x2 = − 4
η

CD2 ln2.

Proof: See Appendix B.5. ■

Based on Theorem 5.5, we compare the expected average AoI achieved by two schemes

based on the ratio between the individual information and the common information, β , pre-

sented in Corollary 5.4.

Corollary 5.4. In the dynamic system, the broadcast transmission scheme has a better AoI

performance than the unicast transmission scheme, if β ≤ βth, and the unicast transmission

scheme has a better AoI performance than the broadcast transmission scheme, if β > βth.

Specifically, βth is given by

βth =

1−e−Λ+2Λ
CΛ

− 3(1−e−Λ)
CD2

3Λ
CD2

− 1−e−Λ+2Λ
CΛ

+

(
2Λ+ 1− e−Λ)ML(
3Λ
CD2

− 2Λ+1−e−Λ

CΛ

)
Lco

. (5.22)

Proof: The expected average AoI difference between these two schemes is approximated

as

∆Diff =
3

2CD2

((
1− e−Λ

)
Lco +ΛβLco

)
−
(

1− e−Λ

2
+Λ

)(
(1+β )Lco

CΛ
+ML

)
. (5.23)

Based on (5.23), we find that ∆Diff ≤ 0 when β ≤ βth, and ∆Diff > 0 when β > βth. ■

Corollary 5.4 reveals that the BRNP strategy achieves a better AoI performance when the

common information has a high proportion of the required status update of each UE, but the

UNINP strategy achieves a better AoI performance when the individual information has a high

proportion of the required status update of each UE. Moreover, based on Corollary 5.4, we

approximate the threshold βth as

βth ≈
2CD2

3CΛ −2CD2

, (5.24)

when ML is small and the average number of UEs in the area, denoted by Λ, is large. We

note that, in the BRNP strategy, the coding rate is based on the worst channel condition of

UEs, where the increase in the coverage area of the BS leads to the significant increase in the

transmission time comparing with the UNINP strategy. This indicates that the BRNP strategy

achieves a better AoI performance if the BS covers a small area, where the difference in the

received SNR among UEs is small, and the UNINP strategy achieves a better AoI performance

if the BS covers a large area, where the difference in the received SNR among UEs is large.
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5.5 Numerical Results

In this section, we first present numerical results and evaluate the impact of various parameters,

including the coding rate, the status update generation rate, and the number of UEs on the aver-

age AoI in the homogeneous case where all UEs have the same received SNR, i.e., γn = γh, the

same length of the required information, i.e., Ln = Lh, and the same coding rate, i.e., Rn = R,

n = 1,2, · · · ,N. In this case, the transmission time is calculated as M = αNLh/R in the broad-

cast transmission scheme and the transmission time for Un is calculated as Mn = Lh/R in the

unicast transmission scheme. We then examine how different transmission schemes affect the

AoI performance in the considered remote control system and dynamic system. Specifically,

we set the unit time for each c.u. Tu = 0.072 millisecond (ms) [116].

Fig. 5.3 plots the average AoI of the considered system versus the coding rate, R. We first

observe that the analytical average AoI precisely matches the simulation results, which demon-

strates the correctness of our analytical results in Theorem 5.1, Theorem 5.2, Theorem 5.3, and

Corollary 5.2. We then observe that for all strategies, the average AoI first decreases and then

increases when R increases. This observation is due to the fact that the increase in R has a

two-fold effect on the average AoI. When R is small, its increase leads to a shorter packet

blocklength, which decreases the average AoI of the system. When R exceeds a certain thresh-

old, its increase leads to the significant increase in the block error rate, thereby degrading the

AoI performance. We further observe that the optimal coding rate, which minimizes the aver-

age AoI, increases when the number of bits in a status update increases in all strategies. This

is because that the increase in the number of bits in a status update leads to the increase in

transmission time and the decrease in the block error rate. When the number of bits in a status

update is low, the decrease in the block error rate dominantly and positively affects the aver-

age AoI. When the number of bits in a status update is high, the increase in transmission time

dominates the average AoI, thereby degrading the AoI performance. Additionally, we observe

that the BRNP strategy achieves a lower average AoI than the BRPS strategy, and the UNIPB

strategy achieves the lowest average AoI comparing with the UNINP and UNIPS strategies.

This observation reveals that the non-preemption strategy should be adopted in the broadcast

transmission scheme and the preemption in buffer strategy should be adopted in the unicast

transmission scheme.

Fig. 5.4 plots the average AoI of the considered system versus the status update generation

rate, λ . We first observe that the average AoI decreases monotonically when λ increases for

the UNINP, UNIPB, and BRNP strategies. This is because that the increase in λ leads to

the decrease in the waiting time after successful transmission, which decreases the average

AoI of the system. We then observe that the average AoI first decreases and then increases

when λ increases for the UNIPS and BRPS strategies. This observation is due to the fact

that the increase in λ has a two-fold effect on the average AoI. In particular, the increase
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Figure 5.3: The average AoI versus the coding rate, R, with N = 3, λ = 0.002, γh = 3, ML = 10, and
α = 1, for (a) Lh = 100 and (b) Lh = 150.
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in λ decreases the waiting time after successful transmission but increases the probability

that a status update is preempted. When λ is small, the decrease in the waiting time after

successful transmission dominantly and positively affects the average AoI, which improves

the AoI performance. When λ exceeds a certain threshold, the probability that a status update

is preempted increases significantly, thereby degrading the AoI performance.

Fig. 5.5 plots the average AoI of the considered system versus the number of sensors,

N. We first observe that the average AoI achieved by all strategies increases monotonically

when N increases. This is because that the increase in N results in the longer transmission

time of status updates for all UEs, which increases the average AoI of the system. We then

observe that when N increases, the average AoI increases gently for the UNIPS strategy, but it

increases dramatically for the BRPS strategy. In the BRPS strategy, the increase in N leads to

the increase in the probability that a status update is preempted, which increases the average

AoI. Differently, in the UNIPS strategy, the increase in N does not increase the probability that

a status update is preempted for each UE, which leads to a slight increase in the average AoI.

This observation also implies that the preemption in serving is more suitable in the unicast

transmission scheme than in the broadcast transmission scheme.

Fig. 5.6 plots the average AoI of the remote control system versus the information ratio,

α . We first observe that the analytical αth precisely matches the simulation result, which

demonstrates the correctness of our analytical result in Theorem 5.4. It indicates that we can

adopt Theorem 5.4 to find the optimal transmission scheme to minimize the average AoI based

on the information ratio. We then observe that the average AoI increases when α increases for

the BRNP strategy. This is because that the increase in α leads to a larger number of bits in

status updates for the transmission. Hence, the packet blocklength for transmission increases,

which in turn increases the average AoI of the system. We further observe that αth decreases

as the number of UEs increases. This observation is due to the fact that when N is large, the

UNINP strategy significantly decreases the average waiting time of the status update for each

UE, comparing with the BRNP strategy, which decreases the average AoI. This observation

implies that the BRNP strategy should be adopted when the number of UEs is small, while the

UNINP strategy should be adopted when the number of UEs is large.

Fig. 5.7 plots the expected average AoI of the dynamic system versus the ratio between

the individual information and the common information, β . We first observe that the approx-

imation in Theorem 5.5 is close to the simulation result and there is a small gap between the

approximation and the simulation result. This gap is due to the fact that the coding rate cannot

achieve the channel capacity and the transmission error is inevitable in short packet commu-

nications. Due to the gap between the approximation and the simulation result, there is a gap

between βth in Corollary 5.4 and the exact βth. We note that the gap between the expected

average AoI in both schemes with βth in Corollary 5.4 is small. It indicates that we can adopt

Corollary 5.4 as a simple method to find the transmission scheme for minimizing the expected
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average AoI based on β . We further observe that the average AoI increases when β increases

for both strategies. Moreover, this increase in the BRNP strategy is faster than the UNINP

strategy. This is because that the increase in β leads to the increase in the length of the status

update in both strategies and this increase has a more pronounced impact on the average AoI

for the BRNP strategy than the UNINP strategy.

5.6 Summary

This chapter analyzed the AoI performance achieved by two transmission schemes, i.e., the

broadcast transmission scheme and the unicast transmission scheme, of a multi-user system

where a BS generates status updates and transmits them to multiple UEs. In both transmission

schemes, we examined three packet management strategies, i.e., the non-preemption strategy,

the preemption in buffer strategy, and the preemption in serving strategy. We first derived

closed-form expressions for the average AoI achieved by these two transmission schemes with

different packet management strategies. Such expressions allowed us to compare the AoI per-

formance achieved by both transmission schemes in two systems, namely, the remote control

system and the dynamic system. Aided by simulation results, we demonstrated the accuracy

of our analysis. Moreover, we found that the unicast transmission scheme is more appropriate

for a system with a large number of UEs, while the broadcast transmission scheme is more ap-

propriate for a system with a small number of UEs and high correlation among the information

for UEs.
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Figure 5.4: The average AoI versus the packet generation rate, λ , with N = 3, Lh = 100, γh = 3,
ML = 20, and α = 1 for (a) R = 0.85 and (b) R = 0.95.
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Figure 5.5: The average AoI versus the number of UEs, N, with Lh = 100, λ = 0.002, γh = 3, ML = 20,
and α = 1 for (a) R = 0.85 and (b) R = 0.95.
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and η = 2.2.



Chapter 6

Conclusions

In this chapter, we first summarize the general conclusions drawn from the thesis, and then

outline some future research directions arising from this thesis.

6.1 Thesis Conclusions

This thesis focused on the AoI performance and analysis in communication networks. In par-

ticular, we focused on the scheduling policy design in Chapter 2, the offloading strategy design

in MEC systems in Chapter 3, the AoI performance in short packet communication systems

in Chapter 4, and the AoI based transmission scheme selection in Chapter 5. The detailed

contributions are given as follows.

Scheduling Policy Design for AoI Optimization: In Chapter 2, we designed a decentral-

ized packet arrival-independent scheduling policy and a centralized packet arrival-dependent

scheduling policy in uplink and downlink multi-user systems, respectively.

• We first considered an uplink multi-user system, where the packet of each UE is gen-

erated by a Bernoulli process at the beginning of each time slot and transmitted to the

BS via a shared TB. We derived closed-form expressions for the average AoI for three

packet management policies. Aided by simulation results, we validated our theoreti-

cal analysis and evaluated the impact of system parameters on the AoI performance.

Moreover, we showed that our proposed scheduling policy outperforms the RR policy,

achieving a lower average AoI. This outcome highlighted the significant benefits intro-

duced by this proposed scheduling policy in MTC systems, paving the way for improved

communication performance.

• We then considered a downlink multi-user system, where the BS generates time-sensitive

packets and transmits them to UEs under an unreliable channel. To characterize the level

of dissatisfaction depends on data staleness, we employed the general AoI penalty as the

performance metric. By formulating the scheduling problem as an average cost CMDP

problem, we derived the approximated expression for the Whittle index and proposed a

103
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Whittle index based scheduling policy. Leveraging numerical results, we demonstrated

the optimality of our proposed scheduling policy and showed that our proposed policy

achieves significant AoI performance improvement when compared to existing schedul-

ing policies.

AoI Analysis and Optimization of MEC Systems: In Chapter 3, we analyzed the average

AoI and the average PAoI of a multi-user MEC system, where a BS generates and transmits

computation-intensive packets to UEs. In this MEC system, we focused on three computing

schemes: (i) The local computing scheme where all computational tasks are computed by

the local server at the UE, (ii) The edge computing scheme where all computational tasks

are computed by the edge server at the BS, and (iii) The partial computing scheme where

computational tasks are partially allocated at the edge server and the rest are computed by the

local server. Considering exponentially distributed transmission time and computation time

and adopting the FCFS queuing policy, we derived closed-form expressions for the average

AoI and PAoI for these three computing schemes. Since the expression for the average AoI is

complex, we further derived simple upper and lower bounds on the average AoI, which allow

us to explicitly examine the dependence of the optimal offloading decision on the MEC system

parameters. In addition, we derived the optimal offloading ratio to minimize the average PAoI

and found that this offloading ratio can be adopted to minimize the average AoI. Aided by

simulation results, we verified our analysis and illustrated the impact of system parameters on

the AoI performance and the optimal offloading strategy in the MEC system.

AoI Analysis of Short Packet Communications: In Chapter 4, we first examined the im-

pact of different packet encoding schemes on the average AoI performance and then analyzed

the non-linear AoI penalty performance of short packet communication systems.

• We first analyzed the AoI performance achieved by two encoding schemes, i.e., the joint

encoding scheme and the distributed encoding scheme. In particular, we considered a

point-to-point system that a transmitter transmits status updates received from multiple

sensors to a receiver. In this system, these received updates can be jointly encoded into

a single packet for transmission, referred to as the joint encoding scheme. Alternatively,

they can be individually encoded into separate packets, referred to as the distributed en-

coding scheme. We derived closed-form expressions for the average AoI achieved by

these two encoding schemes. Such expressions allowed us to compare the AoI perfor-

mance achieved by both encoding schemes. Aided by simulation results, we demon-

strated the accuracy of our analysis and found that the distributed encoding scheme is

more appropriate for the system with a large number of sensors.

• We then analyzed the general average AoI penalty a point-to-point system, where a

transmitter generates packets and transmits them to a receiver via an unreliable channel.

We incorporated a non-linear α-β AoI penalty function and investigated the average
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AoI penalty achieved by three packet management strategies, i.e., the NPNB strategy,

the NPOB strategy, and the preemption strategy. Moreover, we found the conditions

of the system requirement to guarantee the existence of the finite average AoI penalty.

Aided by simulations, we validated the accuracy of our analytical results and established

the relationship between the transmission reliability requirement and the tolerance for

outdated data. This empirical verification enhances our understanding of the trade-offs

between data freshness and transmission reliability in the context of our communication

system.

AoI Based Transmission Scheme Selection: In Chapter 5, we analyzed the AoI perfor-

mance achieved by two transmission schemes, i.e., the broadcast transmission scheme and

the unicast transmission scheme, of a multi-user system where a BS generates status updates

and transmits them to multiple UEs. In the broadcast transmission scheme, the status update

for all UEs is jointly encoded into a packet for transmission, while in the unicast transmission

scheme, the status update for each UE is encoded individually and transmitted by following the

RR policy. For both transmission schemes, we examined three packet management strategies,

namely the non-preemption strategy, the preemption in buffer strategy, and the preemption in

serving strategy. We first derived closed-form expressions for the average AoI achieved by

these two transmission schemes with different packet management strategies. Such expres-

sions allowed us to compare the AoI performance achieved by both transmission schemes in

two systems, namely, the remote control system and the dynamic system. Aided by simulation

results, we verified our analysis and investigate the impact of system parameters on the average

AoI. Moreover, we found that the unicast transmission scheme is more appropriate for a sys-

tem with a large number of UEs, while the broadcast transmission scheme is more appropriate

for a system with a small number of UEs and high correlation among the information for UEs.

The contributions presented in this thesis advance our understanding of the AoI perfor-

mance in various communication networks. They also provide guidelines and methodologies

to assist the communication protocol design, thereby improving the AoI performance in prac-

tical real-time applications.

6.2 Future Research Directions

The optimization of AoI performance plays a crucial role in supporting real-time applications.

Given the exploratory nature of the research topic, several potential research problems naturally

emerge. In this regard, a few promising research directions directly related to the thesis are

briefly discussed in the following for future investigation.

• Routing and Scheduling Policy Design: In Chapter 2, we investigated the scheduling

policy design in relatively simple multi-user systems. However, the communication net-
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work structure can often become complex, especially in large-scale deployments. It may

involve multiple source-users and destinations, as well as various communication nodes

and paths connecting each source-destination pair. In practice, this triggers the consid-

eration of a multi-hop network configuration where information data is relayed through

multiple intermediate nodes before reaching its final destination. In this setup, rout-

ing and scheduling policy design plays a critical role to improve the timely information

delivery. While the scheduling policy governs how resources are allocated to differ-

ent users or tasks at specific time instances, the routing design focuses on determining

the optimal paths for information transmission between different network nodes. The

development of dynamic routing algorithms that adaptively select optimal paths based

on real-time network conditions are required to be explored. These algorithms should

consider factors such as network structure, link quality, congestion levels, and latency

to determine the most efficient routes for information transmission [119]. By dynam-

ically adjusting routing paths in response to changing conditions, the whole real-time

system can minimize latency and improve the timeliness of information delivery. This

can involve techniques such as real-time path planning, collision avoidance, and mis-

sion reconfiguration to minimize end-to-end latency and maximize information delivery.

Moreover, by leveraging multiple paths simultaneously, multi-path routing techniques

can enhance fault tolerance and reduce the impact of link failures or congestion on in-

formation delivery. However, due to the complexity of the network structure and the

dynamic nature of real-time communication systems, traditional methods often struggle

to efficiently solve the problem of dynamic routing. In recent years, reinforcement learn-

ing and deep reinforcement learning have been developed as efficient and accurate tools

to address complex practical problems. With these learning approaches, the exploration

of efficient algorithms and protocols for selecting and utilizing multiple paths, optimiz-

ing the utilization of network resources, and ensuring timely information delivery will

be one of the research directions.

• Adaptive Offloading Strategy: In Chapter 3, we proposed the offloading strategy in a

fixed multi-user MEC system to optimize the long term average AoI. In this system, we

established a system model to characterize the network topology of MEC systems with-

out assessing the influence of both system and environmental parameters on the AoI per-

formance. However, in real-world MEC systems, the mobility of UEs directly impacts

the quality of the communication channel, with varying signal strengths and different

levels of interference leading to rapid changes in channel conditions. Therefore, it is

imperative to incorporate these characteristics into the MEC system model to accurately

analyze the AoI performance of real-world MEC systems. Moreover, the significance

of information and the complexity of computation tasks may vary among UEs based
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on their individual application and service requirements, making it crucial to incorpo-

rate these characters into the offloading strategy design. To address these challenges

and fulfill the system requirements, it is imperative to develop a highly adaptive of-

floading strategy that takes into account continuous channel conditions and information

importance for UEs, while accommodating device capabilities and workload demands,

to optimize the system performance in real-time. However, due to high complexity of

the network structure and differences between users, it is difficult to utilize the tradi-

tional optimization algorithm to optimize the AoI performance. Thus, the integration

of machine learning techniques for adaptive offloading strategy design to optimize AoI

performance in real-world MEC systems could be a promising future direction.

• Age-Aware Adaptive Modulation and Scheduling Policy Design: In Chapter 4 and

Chapter 5, we investigated the AoI performance in short packet communication sys-

tems. An efficient modulation and coding technique plays a crucial role in short packet

communication systems to ensure timely information delivery. Due to the propagation

pathloss and fading between the transmitter and receiver, coding techniques are used to

mitigate the effects of channel impairments. In short packet communications, higher

order modulation schemes can achieve higher data transmission rates, while being more

susceptible to errors caused by pathloss and fading. Therefore, modulation and coding

technologies need to strike a balance between achieving higher data rates and providing

sufficient error correction capability to overcome the pathloss and fading effects. More-

over, modulation and coding technologies design in wireless communication systems

faces a significant challenge due to the mobility of users, which leads to variations in the

wireless channel over time. To address these dynamic channel conditions, the adaptive

modulation and coding (AMC) strategy was proposed in [120, 121, 122], which makes

real-time decisions on the modulation and coding schemes based on the channel condi-

tions to maximize the spectral efficiency, while maintaining a low block error rate. Al-

though the AoI-aware scheduling policies were well investigated in [29, 31, 34, 36, 38],

these studies typically assumed a fixed transmission time with a fixed blocklength of

transmitted packets. However, when employing AMC, the transmission time may vary

due to the dynamic modulation and coding schemes, which needs to be taken into ac-

count when designing scheduling policies. The integration of AMC into AoI-aware

scheduling design involves joint decision making on scheduling and modulation to opti-

mize the AoI performance of the system. In particular, the scheduler requires to consider

various factors, including the AoI of different users, information bits of different pack-

ets, and the available channel conditions, and then makes decisions on user scheduling

and the appropriate modulation and coding scheme for transmission. Based on these

factors, the scheduler makes critical decisions regarding user scheduling and selects the
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appropriate modulation and coding scheme for each transmission to enhance the overall

AoI performance of the system. Therefore, the joint AMC and scheduling policy design

is worth being further explored, to guarantee timely information delivery in real-time

applications.
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Appendix A

A.1 Proof of Theorem 3.1

The proof of Theorem 3.1 relies on the following properties of exponential random variables,

Poisson processes, and the M/M/1 queue.

Lemma A.1. Let us consider that X1 and X2 are independent exponential random variables

with E[Xi] = 1/γi. Given X1 < X2, the conditional PDF of variable V = X2 −X1 is given by

fV |X1<X2(v|X1 < X2) = γ2 exp(−γ2v), v ≥ 0. (A.1)

Lemma A.2. Given a Poisson process K(t) with the rate λ and an exponential random variable

X with E[X ] = 1/γ , the number of arrivals K(X) in the interval [0,X ] has the geometric PMF,

which is given by

Pr(K(X) = k) = (1−α)αk, k ≥ 0, (A.2)

where α = λ /(γ +λ ).

We first derive the average AoI of Un. Based on (3.20), the average AoI of Un in the partial

computing scheme is calculated as

∆n,p =
1
λn

+
1

µ ′
B
+

1
µD

+
1
µ ′

n
+λn (E[YjWj,B]+E[YjWj,D]+E[YjWj,U ]) . (A.3)

To obtain ∆n,p, we need to derive E[YjWj,B], E[YjWj,D], and E[YjWj,U ] in (A.44). We first

derive E[YjWj,B] as

E[YjWj,B] =E[YjWj,B|B j,B]Pr(B j,B)+E[YjWj,B|L j,B]Pr(L j,B), (A.4)

where B j,B denotes the event that Pn, j is generated before Pn, j−1 arrives at the transmission

queue and L j,B denotes the event that Pn, j is generated after Pn, j−1 arrives at the transmission

queue. Here, B j,B and L j,B are two complementary events such that Pr(B j,B)+ Pr(L j,B) = 1.
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We first calculate E[YjWj,B|B j,B]Pr(B j,B) in (A.4). When B j,B happens, Wj,B is calculated as

Wj,B = X j−1,B −Yj +
K j,y

∑
κ=1

S j,κ ,B, (A.5)

where K j,y is the number of packets generated for other UEs during Yj and S j,κ ,B is the compu-

tation time of the κth packet among K j,y packets computed by the edge server. As X j−1,B and

Yj are independent exponential random variables, according to Lemma A.1, we obtain

fVj|B j,B(v|B j,B) = (µ ′
B −λ )exp(−(µ ′

B −λ )v), (A.6)

where Vj = X j−1,B −Yj. In addition, as the packet of each UE is generated according to a

Poisson process, we obtain the conditional PMF of the number of packets generated during

Yj = y as

Pr(K j,y = k|Yj = y) =
(λ−ny)k exp(−λ−ny)

k!
. (A.7)

Combining (A.5), (A.6), with (A.7), we obtain

E[Wj,B|Yj = y,B j,B] =
1

µ ′
B −λ

+
λ−ny
µ ′

B
. (A.8)

According to (A.8), we calculate E[YjWj,B|B j,B]Pr(B j,B) as

E[YjWj,B|B j,B]Pr(B j,B) =
∫

∞

0
y fY j(y)Pr(B j,B|Yj =y)E[Wj,B|Yj = y,B j,B]dy

=
λn

(µ ′
B −λ−n)2

(
2λ−n

µ ′
B(µ

′
B −λ−n)

+
1

µ ′
B −λ

)
. (A.9)

We then calculate E[YjWj,B|L j,B]Pr(L j,B). When L j,B happens, Wj,B is calculated as

Wj,B =
K j,e

∑
κ=1

S j,κ ,B, (A.10)

where K j,e is the number of packets in the computation queue at the edge server when Pn, j

is generated. Based on Lemma A.2, we obtain that when Pn, j is generated, the PMF of the

number of packets in the computation queue at the edge server is given by

Pr(K j,e = k) =
(

λ−n

µ ′
B

)k(
1−λ−n

µ ′
B

)
. (A.11)
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Combining (A.10) with (A.11), we obtain

E[Wj,B|Yj = y,L j,B] =
E[K j,e]

µ ′
B

=
λ−n

µ ′
B(µ

′
B −λ−n)

. (A.12)

According to (A.12), we calculate the second item in (A.4) as

E[YjWj,B|L j,B]Pr(L j,B) =
∫

∞

0
y fY j(y)Pr(L j,B|Yj =y)E[Wj,B|Yj = y,L j,B]dy

=
λ−n

µ ′
B(µ

′
B −λ−n)

(
1
λn

− λn

(µ ′
B −λ−n)2

)
. (A.13)

By substituting (A.9) and (A.13) into (A.4), we obtain E[YjWj,B].

Next, we derive E[YjWj,D] in (A.44). We denote Yj,B as the time interval when Pn, j−1 and

Pn, j arrive at the transmission queue, i.e., Yj,B = t j,B − t j−1,B. We then denote B j,D as the event

that Pn, j arrives at the transmission queue before Pn, j−1 arrives at the computation queue at the

local server at Un and L j,D as the event that Pn, j arrives at the transmission queue after Pn, j−1

arrives at the computation queue at the local server at Un. Based on these two complementary

events, we calculate E[YjWj,D] as

E[YjWj,D]= Φp,B j,D +Φp,L j,D , (A.14)

where Φp,B j,D = E[YjWj,D|B j,D]Pr(B j,D) and Φp,L j,D = E[YjWj,D|L j,D]Pr(L j,D).

Here, we first calculate Φp,B j,D . When B j,D happens, Wj,D depends on both the residual

queuing delay of Pn, j−1 in the transmission queue and the transmission time of the packets

generated during Yj. Thus, we calculate Φp,B j,D as

Φp,B j,D =E[Yj(X j−1,D−Yj,B)|B j,D]Pr(B j,D)+E

[
Yj

K j,y

∑
κ=1

S j,κ ,D

∣∣∣∣B j,D

]
Pr(B j,D), (A.15)

where S j,κ ,D denotes the transmission time of the κth packet among K j,y packets. Based on

Lemma A.1, we obtain

E[X j−1,D−Yj,B|B j,D] =
1

µD −λ
. (A.16)

Since Pr(B j,D) is calculated as

Pr(B j,D)=
∫

∞

0

∫
∞

0
fYj,Y j,B(y,y

′)exp(−(µD−λ )y′)dy′dy, (A.17)

we need to derive the conditional PDF fYj,B|Y j(y
′|y) to obtain Pr(B j,D). Here, Yj,B is calculated
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as

Yj,B = X j,B +Yj −X j−1,B, (A.18)

where the PDF of X j−1,B is given as

fX j−1,B(x1) = (µ ′
B −λ )exp(−(µ ′

B −λ )x1). (A.19)

We consider two complementary events, B j,B and L j,B, and derive fYj,B|Y j(y
′|y) as

fY j,B|Yj(y
′|y) = pYj,B,B j,B|Y j + pYj,B,L j,B|Yj , (A.20)

where pY j,B,B j,B|Yj and pYj,B,L j,B|Yj are given by

pY j,B,B j,B|Yj = fYj,B|Yj ,B j,B(y
′|y,B j,B)Pr(B j,B) (A.21)

and

pY j,B,L j,B|Y j = fY j,B|Yj ,L j,B(y
′|y,L j,B)Pr(L j,B), (A.22)

respectively.

When B j,B happens, Yj,B depends on the computation time of the packets generated during

Yj at the edge server. We consider that there are K j,y = k packets generated during Yj, where

the PMF of k packets generated during Yj is given by (A.7). As the computation time of each

packet follows the independent and identical exponential distribution, the total time consumed

to compute these k packets and Pn, j follows a Gamma distribution, whose PDF is given by

fY j,B|K j,y(y
′|k) = y′kµ

′k+1
B exp(−µ ′

By′)
k!

. (A.23)

Combining (A.7), (A.19), with (A.23), we calculate pYj,B,B j,B|Y j as

pY j,B,B j,B|Yj =
∫

∞

y
fX j−1,D(x1)

∞

∑
k=0

Pr(K j,y = k|Yj = y) fYj,B|K j,y(y
′|k)dx1

= µ
′
B exp(−(µ ′

B−λn)y−µ
′
By′)I0

(
2
√

λ−nµ ′
Byy′

)
, (A.24)

where I0(·) is the modified first-kind Bessel function of the zeroth order.

When L j,B happens, Yj,B depends on the time interval Yj −X j−1,B and X j,B. In particular,

X j,B depends on the number of the packets in the computation queue at the edge server when

Pn, j is generated. We consider that when Pn, j is generated, there are K j,e = k packets in the

computation queue at the edge server. As the computation time of each packet follows the



§A.1 Proof of Theorem 3.1 113

independent and identical exponential distribution, the total time consumed to compute these

k packets and Pn, j follows a Gamma distribution, whose PDF is given by

fX j,B|K j,e(x2|k) =
xk

2µ
′k+1
B exp(−µ ′

Bx2)

k!
. (A.25)

Combining (A.11), (A.19), with (A.25), we calculate pY j,B,L j,B|Y j as

pYj,B,L j,B|Yj =
(µ ′

B−λ )(µ ′
B−λ−n)

(2µ ′
B−λ−λ−n)

(
exp(−(µ ′

B−λ )(y−y′))

− exp(−(µ ′
B −λ )y− (µ ′

B −λ−n)y′)
)
, (A.26)

for y′ < y, and

pY j,B,L j,B|Y j =
(µ ′

B−λ )(µ ′
B−λ−n)

(2µ ′
B−λ−λ−n)

(
exp(−(µ ′

B−λ−n)(y′−y))

− exp(−(µ ′
B −λ )y− (µ ′

B −λ−n)y′)
)
, (A.27)

for y′ ≥ y. Combining (A.24), (A.26), with (A.27), we obtain fYj,B|Y j(y
′|y) in (A.20). By

substituting (A.20) into (A.17) and combining (A.17) with (A.16), we obtain the first item in

(A.15) as

E[Yj(X j−1,D−Yj,B)|B j,D]Pr(B j,D) =
λn(µ ′

B + µD −λ )

µ ′
B(µD −λ )(µ ′

B + µD −λ −λ−n)2

+
λn(µ ′

B−λ )(µ ′
B−λ−n)

(
1

(µD−λ−n)2 − 1
(µ ′

B−λ−n)2

)
(µ ′

B −µD)(µD −λ )(µD + µ ′
B −λ −λ−n)

. (A.28)

We further calculate the second item in (A.15). As the PMF of K j,y is given by (A.7), we obtain

E

[
Yj

K j,y

∑
κ=1

S j,κ,D

∣∣∣∣B j,D

]
Pr(B j,D)=

2λnλ−n(µD+µ ′
B−λ )

µ ′
BµD(µD+µ ′

B−λ−λ−n)3

+
λnλ−n(µ ′

B−λ )(µ ′
B−λ−n)

(
2

(µD−λ−n)3 − 2
(µ ′

B−λ−n)3

)
µD(µ ′

B −µD)(µ ′
B + µD −λ −λ−n)

. (A.29)

By substituting (A.29) and (A.28) into (A.15), we obtain Φp,B j,D given by (3.26).

We then calculate Φp,L j,D in (A.14). When L j,D happens, Wj,D depends on the transmission

time of the packets in the transmission queue when Pn, j arrives at the transmission queue.

Based on Lemma A.2, we obtain

E[Wj,D|Yj = y,L j,D] = E

[
K j,T

∑
κ=1

S j,κ ,D

∣∣∣∣Yj = y,L j,D

]
=

λ−n

µD(µD −λ−n)
, (A.30)
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where K j,T is the number of packets in the transmission queue when Pn, j arrives at the trans-

mission queue. Thus, we calculate Φp,L j,D as

Φp,L j,D =
∫

∞

0

∫
∞

0
E[Wj,D|Yj = y,L j,D]y fYj(y)× fYj,B|Y j(y

′|y)Pr(L j,D|Yj = y,Yj,B=y′)dy′dy,

(A.31)

and then obtain Φp,L j,D given by (3.27). By substituting (3.26) and (3.27) into (A.14), we obtain

E[YjWj,B].

Finally, we derive E[YjWj,U ] in (A.44). Here, we denote Yj,D as the time interval when

Pn, j−1 and Pn, j arrive at the computation queue at the local server at Un, i.e., Yj,D = t j,D− t j−1,D.

Since E[Wj,UYj] is calculated as

E[Wj,UYj] =
∫

∞

0

∫
∞

0
y fYj(y) fY j,D|Y j(y

′′|y)E[Wj,U |Yj = y,Yj,D = y′′]dy′′dy, (A.32)

we need to derive fYj,D|Yj(y
′′|y) and E[Wj,U |Yj = y,Yj,D = y′′] to obtain E[YjWj,U ]. Here, Wj,U

only depends on the computation time of Pn, j−1 at the local server. Then, we obtain

E[Wj,U |Yj =y,Yj,D=y′′] =
exp(−(µ ′

n −λn)y′′)
µ ′

n −λn
. (A.33)

Since B j,D and L j,D are two complementary events, we rewrite fY j,D|Yj(y
′′|y) as

fYj,D|Yj(y
′′|y) = pYj,D,B j,D|Yj + pY j,D,L j,D|Y j , (A.34)

where pY j,D,B j,D|Y j and pYj,D,L j,D|Yj are given by

pYj,D,B j,D|Y j = fYj,D|Yj ,B j,D(y
′′|y,B j,D)Pr(B j,D|Yj = y) (A.35)

and

pYj,D,L j,D|Yj = fYj,D|Yj ,L j,D(y
′′|y,L j,D)Pr(L j,D|Yj = y), (A.36)

respectively. Here, we calculate pYj,D,B j,D|Y j as

pYj,D,B j,D|Yj = fY j,D|Y j ,B j,D(y
′′|y,B j,D)

∫
∞

0
fYj,B|Y j(y

′|y)exp(−(µD −λ )y′)dy′. (A.37)

When B j,D happens, the time interval Yj,D depends on the transmission time of the packets gen-

erated during Yj and the transmission time of Pn, j. Note that, the PMF of the number of packets

generated during Yj for other UEs is given by (A.7) and the PDF of the total transmission time
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of k+ 1 packets is given by (A.23). Thus, we obtain

fY j,D|Y j ,B j,D(y
′′|y,B j,D)=

∞

∑
k=0

Pr(K j,y=k) fYj,D|K j,y(y
′′|k)

= µD exp(−λ−ny−µDy′′)I0(2
√

λ−nµDyy′′). (A.38)

By substituting fYj,B|Yj(y
′|y) and (A.38) into (A.37), we obtain pY j,D,B j,D|Y j in (A.34). We next

calculate pY j,D,L j,D|Y j in (A.34) as

fYj,D|Yj ,L j,D(y
′′|y,L j,D)Pr(L j,D|Yj =y) =

∫
∞

0
fYj,B|Y j(y

′|y)pY j,D,L j,D|Yj,Yj,Bdy′, (A.39)

where

pY j,D,L j,D|Y j ,Yj,B = fYj,D|Yj,Yj,B,L j,D(y
′′|y,y′,L j,D)Pr(L j,D|Yj =y,Yj,B=y′). (A.40)

Since pY j,D,L j,D|Y j ,Yj,B depends on the transmission time of Pn, j and the transmission time of

packets in the transmission queue when Pn, j arrives at the transmission queue, we obtain

pYj,D,L j,D|Yj ,Yj,B =
(µD −λ )(µD −λ−n)

(2µD −λ −λ−n)

(
exp(−(µD −λ )(y′− y′′))

− exp(−(µD −λ )y′− (µD −λ−n)y′′)
)
, (A.41)

for y′′ < y′, and

pYj,D,L j,D|Yj ,Yj,B =
(µD −λ )(µD −λ−n)

(2µD −λ −λ−n)

(
exp(−(µD −λ−n)(y′′− y′))

− exp(−(µD −λ )y′− (µD −λ−n)y′′)
)
, (A.42)

for y′′ ≥ y′. By substituting fYj,B|Y j(y
′|y), (A.41), and (A.42) into (A.39), we obtain pY j,D,B j,D|Yj

in (A.34). In addition, by substituting (A.33) and (A.34) into (A.32), we obtain

E[Wj,UYj] = Φp,B j,U +Φp,L j,U , (A.43)

where Φp,B j,U is given by (3.28) and Φp,L j,U is given by (3.29). Finally, we substitute (A.4),

(A.14), and (A.43) into (A.44) and obtain the average AoI of Un, which is given in (3.24).

We then drive the average PAoI. Based on (3.21), the average AoI of Un in the partial

computing scheme is calculated as

Ωn,p=
1
λn
+

1
µ ′

B
+

1
µD

+
1
µ ′

n
+E[Wj,B]+E[Wj,D]+E[Wj,U ]. (A.44)

According to Lemma A.2, the PMF of the number of packets in the computation queue at the
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edge server when Pn, j is generated is given by

Pr(K j,e = k) =
(

λ

µ ′
B

)k(
1− λ

µ ′
B

)
. (A.45)

Hence, we obtain

E[Wj,B] = E[K j,e]E[SD] =
λ

µ ′
B(µ

′
B −λ )

. (A.46)

Similarly, we calculate E[Wj,D] and E[Wj,U ] by

E[Wj,D] =
λ

µD(µD −λ )
, (A.47)

and

E[Wj,U ] =
λn

µ ′
n(µ

′
n −λn)

. (A.48)

By substituting (A.46), (A.47), and (A.48) into (3.21), we obtain the average PAoI of Un, which

is given in (3.25).

A.2 Proof of Theorem 3.2

We first derive the upper bound on the average AoI. Based on (3.20), we find that Wj,B,

Wj,D, and Wj,U are negatively correlated with Yj, respectively, i.e., E[Wj,BYj] < E[Wj,B]E[Yj],

E[Wj,DYj] < E[Wj,D]E[Yj], and E[Wj,UYj] < E[Wj,U ]E[Yj]. Hence, we obtain that

∆n<
1
λn

+E[S j,B]+E[S j,D]+E[S j,U ]+λnE[Yj] (E[Wj,B]+E[Wj,D]+E[Wj,U ])=Ωn. (A.49)

We then derive the lower bound on the average AoI. Based on (A.4), we obtain

E[YjWj,B] =
λ−n

λnµ ′
B(µ

′
B −λ−n)

+
λnλ−n

µ ′
B(µ

′
B −λ−n)3 +

λn

(µ ′
B −λ−n)2(µ ′

B −λ )

=
λ

λnµ ′
B(µ

′
B−λ )

+
λnλ−n

µ ′
B(µ

′
B−λ−n)3 −

1
(µ ′

B−λ−n)2 . (A.50)

We find that E[YjWj,D] in (A.14) decreases as µ ′
B increases. Hence, we obtain

E[YjWj,D] ≥ E[YjWj,D]
∣∣
µ ′

B→∞
= E[Yj,BWj,D]

=
λ

λnµD(µD−λ )
+

λnλ−n

µD(µD−λ−n)3 −
1

(µD−λ−n)2 . (A.51)
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Similarly, we obtain the lower bound on E[YjWj,U ], which is given by

E[YjWj,U ] ≥ E[YjWj,U ]
∣∣
µ ′

B→∞,µD→∞
= E[Yj,DWj,U ] =

1
µ ′

n(µ
′
n−λn)

− 1
µ ′2

n
. (A.52)

By substituting (A.50), (A.51), and (A.52) into (3.20), and averaging ∆n over all UEs, we

obtain the lower bound on the average AoI, which is given in (3.40).

A.3 Proof of Lemma 3.1

By calculating the first and the second derivatives of Ω w.r.t. p, we obtain

∂ Ω
∂ p

=
µB

(µB − pλ )2 −
1
N

N

∑
n=1

µn

(µn − (1− p)λn)2 (A.53)

and

∂ 2Ω
∂ p2 =

2λ µB

(µB − pλ )3 +
1
N

N

∑
n=1

2(1− p)λ 2
n

(µn − (1− p)λn)3 , (A.54)

respectively. From (A.54), we see that ∂ 2Ω
∂ p2 > 0 when p < min{ µB

λ
,1} and p > max{ µn−λn

λn
,0}

for n = 1,2, · · · ,N. This implies that there exists an optimal value of p to minimize Ω. By

simple mathematical manipulation, we reach the solution to (3.44).

A.4 Proof of Theorem 3.3

According to (A.53) and (A.54), the first derivatives of Ω w.r.t. p in the homogeneous MEC

system is calculated as

∂ Ω
∂ p

=
µB

(µB − pλ )2 −
µh

(µh − (1− p)λh)2 . (A.55)

Based on (A.55), we obtain the optimal p, which is given as

popt =

√
µBµn +λn −µn(
1+N

√
µn
µB

)
λn

. (A.56)

By setting p ∈ [0,1] in (A.56), we obtain the optimal popt given by (3.45).
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Appendix B

B.1 Proof of Theorem 5.1

To obtain ∆UNINP,n, we need to derive E[Tj], E[ζ j], and E[ζ 2
j ] in (5.6). We first derive E[Tj]

by calculating it as

E[Tj] = E [S j]+E [Wj] =
n

∑
k=1

M′
k +E[Wj], (B.1)

where S j is the serving time of Pj from the time that Pj is served by the BS to the time that

Un receives Pj, and Wj is the waiting time of Pj in the buffer. Specifically, Wj is the time

interval from the generation time of Pj to the time that Pj is served by the BS. We note that,

if Pj is generated when the BS is in the idle state, Wj = 0 and its probability is given by

Pr(Wj = 0) = e−λMT . Otherwise, Wj follows an exponential distribution over the range (0,MT)

with the PDF given by fWj(w) = λe−λw, since the LCFS queuing policy is adopted and the

packet generation follows a Poisson process. Then, we derive E[Wj] as

E[Wj] =
∫ MT

0
wλe−λwdw =

1− e−λMT

λ
−MTe−λMT . (B.2)

By substituting (B.2) into (B.1), we obtain E[Tj].

We then derive E[ζ j]. Here, we denote H j as the number of status update transmitted to Un

after Pj−1 is received by Un and before Pj is received by Un, and denote Pj,h as the hth status

update transmitted to Un after Pj−1, where Pj,H j = Pj. We note that

E[ζ j] = E

[
H j

∑
h=1

B j,h

]
= E[H j]E[B j,h], (B.3)

where B j,h is the time interval from the time that Pj,h−1 is transmitted to Un to the time that

Pj,h is transmitted to Un, since B j,h is independently and identically distributed for ∀h. Here,

we note that if h = 1, Pj,0 = Pj−1. We find that H j follows a geometric distribution, where the

119
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probability mass function (PMF) of H j is given by

Pr(H j = H) = (1− εn)ε
H−1
n . (B.4)

According to (B.4), we obtain the expectation of H j and H2
j , i.e., E[H j] and E[H2

j ], are

E[H j] =
1

1− εn
, (B.5)

and

E[H2
j ] =

1+ εn

(1− εn)2 , (B.6)

respectively. In (B.3), B j,h is calculated by

B j,h = Vj,h +MT, (B.7)

where Vj,h is the time that the BS is in the idle state during B j,h. We note that Vj,h exists if and

only if Pj,h is generated when the BS is in the idle state after Pj,h−1 is served. Since Vj,h follows

an exponential distribution, we obtain E[Vj,h] as

E[Vj,h] =
∫

∞

MT

(x−MT)λe−λxdx =
1
λ

e−λMT . (B.8)

By substituting (B.5), (B.7), and (B.8) into (B.3), we obtain E[ζ j] as

E[ζ j] =
1

1− εn

(
MT +

e−λMT

λ

)
. (B.9)

We next derive E
[
ζ 2

j

]
. Due to the independent and identical distribution of B j,h1 and B j,h2

when h1 ̸= h2, we calculate E
[
ζ 2

j

]
as

E
[
ζ

2
j
]
=E

( H j

∑
h=1

B j,h

)2
= E[H j]E

[
B2

j,h
]
+E

[
H2

j −H j
]

E [B j,h]
2 . (B.10)

Since Vj,k follows an exponential distribution, we obtain E
[
V 2

j,h

]
as

E
[
V 2

j,h
]
=
∫

∞

MT

(x−MT)
2
λe−λxdx =

2
λ 2 e−λMT . (B.11)
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By substituting (B.5), (B.6), (B.7), and (B.11) into (B.10), we obtain E
[
ζ 2

j

]
as

E
[
ζ

2
j
]
=

(
MT +

e−λMT

λ

)2
(1+ εn)

(1− εn)2 +
2e−λMT − e−2λMT

(1− εn)λ 2 . (B.12)

By substituting (B.1), (B.9), and (B.12) into (5.6), we obtain the final result given in (5.8),

which completes this proof.

B.2 Proof of Theorem 5.2

Based on (5.6), we need to calculate E[Tj], E[ζ j], and E[ζ 2
j ] to obtain ∆UNIPB,n. We first derive

E[Tj] by calculating it as

E[Tj] = E[S j]+E[Wj]. (B.13)

Here, we denote A j,k as the event that Pj received by Un is generated when the BS is serving

Ugk,n and A j,0 as the event that Pj received by Un is generated when the BS is in the idle state.

Then, the probability of A j,k is obtained as

Pr (A j,k) =


pk ∏

N−1
κ=k+1(1− pκ), if k ̸= N and k ̸= 0,

∏
N
κ=1(1− pκ), if k = 0,

pN ∏
N−1
κ=1(1− pκ), otherwise,

(B.14)

where pk = 1− e−λM′
gk,n is the probability that at least one status update is generated when the

BS is serving Ugk,n . Hence, E[Wj] is calculated as

E[Wj] =
N

∑
k=1

Pr (A j,k)

pk

∫ M′
gk,n

0
xλe−λxdx =

1−e−λMT

λ
−

N−1

∑
k=1

M′
gk,n

e−λ ∑
N−1
κ=k M′

gκ ,n −M′
gN,n

e−λMT .

(B.15)

We denote G j,k as the event that the first packet of Pj is transmitted to Ugk,n , where the proba-

bility of G j,k is given by

Pr(G j,k) =

{ Pr(A j,k−1)

1−e−λMT
, if k ̸= 1,

Pr(A j,N)

1−e−λMT
, otherwise.

(B.16)

Based on (B.16), we calculate E[S j] by

E[S j] =
N

∑
k=1

Pr(G j,k)
N

∑
κ=k

M′
gκ ,n

=
N

∑
k=1

M′
gk,n

e−λ ∑
N−1
κ=k M′

gκ ,n − e−λMT

1− e−λMT
. (B.17)
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By substituting (B.15) and (B.17) into (B.13), we obtain E[Tj] as

E[Tj] =
1−e−λMT

λ
+M′

gN,n
(1− e−λMT)−

N

∑
k=1

M′
gk,n

e−λMT

(
1−e−λ ∑

N−1
κ=k M′

gκ ,n

)
1− e−λMT

 . (B.18)

We then derive E[ζ j] based on (B.3) and (B.7). We denote Z j,k,h as the event that the last

packet of Pj,h−1 is for Ugk,n and the BS does not generate any status update during the service

of Pj,h−1. Then, the probability of Z j,k,h is given by

Pr (Z j,k,h) =

(
1− e−λM′

gk,n

)
e−λMT

1− e−λMT
. (B.19)

Hence, we calculate E [Vj,h] as

E [Vj,h] =
1
λ

N

∑
k=1

Pr (Z j,k,h) =
e−λMT

λ (1− e−λMT)

N

∑
k=1

(
1− e−λM′

gk,n

)
. (B.20)

By substituting (B.20) into (B.7) and the result in (B.3), we obtain E [ζ j] as

E [ζ j] =
1

1− εn

(
MT+

e−λMT

λ (1− e−λMT)

N

∑
k=1

(
1− e−λM′

gk,n

))
. (B.21)

We next derive E[ζ 2
j ]. Based on the independent and identical distribution of B j,h1 and

B j,h2 when h1 ̸= h2, we calculate E
[
ζ 2

j

]
from (B.10) as

E
[
ζ

2
j
]
=

1
1− ε

(
M2

T + 2MTE [Vj,h]+E
[
V 2

j,h
])
+

2ε

(1− ε)2 (MT + ξ )2

=
1+ ε

(1− ε)2 (MT + ξ )2 +
2ξ −λξ 2

λ (1− ε)
, (B.22)

where E[V 2
j,h] =

2
λ 2 ∑

N
k=1 Pr (Z j,k,h) and E[Vj,h] is given in (B.20). By substituting (B.18),

(B.21), and (B.22) into (5.6), we obtain the final result given in (5.9), which completes this

proof.

B.3 Proof of Theorem 5.3

Based on (5.6), we need to calculate E[Tj], E[ζ j], and E[ζ 2
j ] to obtain ∆UNIPS,n. We first

derive E[Tj]. In the UNIPS strategy, the waiting time of Pj is 0, i.e., Wj = 0, since preemption

in serving is considered. Thus, we calculate E[Tj] as

E[Tj] = E[S j]. (B.23)
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We note that in this strategy, the probability of A j,k and G j,k are given by

Pr (A j,k) =

{
∏

N
κ=k pk(1− pκ), if k ̸= 0,

∏
N
κ=1(1− pκ), otherwise,

(B.24)

and

Pr (G j,k) =
1

1− e−λMT
Pr (A j,k) , (B.25)

respectively. Based on (B.25), we calculate E[Tj] as

E[Tj] =E[S j] =
N

∑
k=1

Pr (G j,k)
N

∑
κ=k

M′
gκ ,n

=
N

∑
k=1

M′
gk,n

e−λ ∑
N
κ=k+1 M′

gκ ,n − e−λMT

1− e−λMT
. (B.26)

We then derive E[ζ j] based on (B.3). We note that

B j,h = Vj,h +
N

∑
k=1

S j,k,h, (B.27)

where S j,k,h is the serving time of the Ugk,n’s packet during B j,h. We then note that the proba-

bility of Z j,k,h is given by

Pr (Z j,k,h) =
(1− e−λM′

gk+1,n )e−λMT

1− e−λMT
, (B.28)

for the UNIPS strategy. Based on (B.28), we calculate E [Vj,h] as

E [Vj,h] =
1
λ

N

∑
k=1

Pr (Z j,k,h) =
e−λMT

λ (1− e−λMT)

N

∑
k=1

pk

1− pk
. (B.29)

For S j,k,h, it is calculated as

S j,k,h =
Θk

∑
θ=0

S j,k,h,θ +M′
gk,n

, (B.30)

where Θk is the times of preemption of status update for Ugk,n and S j,k,h,θ is the serving time

of the θ th preempted status update. We note that Θk follows a geometric distribution, i.e.,

Pr (Θk = Θ) = (1− pk)pΘ
k , and the average serving time of the θ th preempted status update

is calculated as

E [S j,k,h,θ ] =
1
pk

∫ M′
gk,n

0
λ te−λ tdt =

1
λ
−ϕ , (B.31)
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where ϕ =
(1−pk)M′

gk,n
pk

. Combining (B.30) with (B.31), we calculate E [S j,k,h] by

E [S j,k,h] =E [Θk]E[S j,k,h,θ ]+M′
gk,n

=
pk

1− pk

(
1
λ
−ϕ

)
+M′

gk,n
=

pk

λ (1− pk)
. (B.32)

By substituting (B.29) and (B.32) into (B.27), we obtain E[B j,h] as

E[B j,h] =
1

λ (1− e−λMT)

N

∑
k=1

pk

1− pk
. (B.33)

Then, by substituting (B.33) into (B.3), we obtain E[ζ j] as

E[ζ j] =
1

λ (1− εn)(1− e−λMT)

N

∑
k=1

pk

1− pk
. (B.34)

We next calculate E
[
ζ 2

j

]
based on (B.10). According to (B.27), we calculate E

[
B2

j,h

]
in

(B.10) as

E
[
B2

j,h
]
=E

[
V 2

j,h
]
+ 2E

[
Vj,h

(
N

∑
k=1

S j,k,h

)]
+E

( N

∑
k=1

S j,k,h

)2
 . (B.35)

We note that Vj,h is not independent from S j,k,h in (B.35). If the BS is in the idle state before

transmitting the packet of Ugk,n , the packet of Ugκ ,n , κ ∈ {1,2, · · · ,k}, is not preempted during

B j,h. Hence, we obtain

E

[
Vj,h

(
N

∑
k=1

S j,k,h

)]
=

e−λM′
T

λ (1− e−λM′
T)

N

∑
k=1

pk

1− pk

(
N

∑
κ=k

pκ

λ (1− pκ)

)
. (B.36)

We then calculate E
[
V 2

j,h

]
and E

[(
∑

N
k=1 S j,k,h

)2
]

in (B.35) as

E
[
V 2

j,h
]
=

2e−λMT

λ 2(1− e−λMT)

N

∑
k=1

pk

1− pk
, (B.37)
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and

E

( N

∑
k=1

S j,k,h

)2
=

N

∑
k=1

pk

1− pk

(
2

λ 2 −
2ϕ

λ
−ϕM′

gk,n

)

+
N

∑
k=1

∑
κ ̸=k

pk

1− pk

(
1
λ
−ϕ

)
pκ

1− pκ

(
1
λ
−

M′
gκ ,n

(1− pκ)

pκ

)

+
N

∑
k=1

2p2
k

(1− pk)2

(
1
λ
−ϕ

)2

+ 2MT

N

∑
k=1

(
pk

1− pk

(
1
λ
−ϕ

))
+M2

T,

(B.38)

respectively. By substituting (B.36), (B.37), and (B.38) into (B.35), and combining (B.35) with

(B.10), we obtain E
[
ζ 2

j

]
. By substituting (B.26), (B.34), and E

[
ζ 2

j

]
into (5.6), we obtain the

final result in (5.12), which completes the proof.

B.4 Proof of Theorem 5.4

In the remote control system, we find that the block error rate εn is negligible, as a low coding

rate is assumed. With the information ratio, α , and the same coding rate, R, we obtain the

transmitted packet length, M, in the BRNP strategy as

M =
L
R
=

αNLh

R
= αρMT. (B.39)

Hence, the average AoI in the BRNP strategy is calculated as

∆BRNP =
1
2

(
M+

1
λ

e−λM
)
+

2e−λM − e−2λM

2λ 2(M+ 1
λ

e−λM)
+

(
1
λ
+M

)(
1− e−λM

)
=

1
2

(
αρMT+

1
λ

e−λαρMT

)
+

2e−λαρMT − e−2λαρMT

2λ 2(αρMT +
1
λ

e−λαρMT)
+

(
1
λ
+αρMT

)(
1− e−λαρMT

)
.

(B.40)

Since all UEs require the same length of the status update, Lh, and have the same coding rate

R, the system average AoI in the UNINP strategy is calculated as

∆UNINP =
1
2

(
MT +

1
λ

e−λMT

)
+

2e−λMT − e−2λMT

2λ 2(MT +
1
λ

e−λMT)
− N −1

2N
MT+

(
1
λ
+MT

)
(1− e−λMT).

(B.41)

By calculating the average AoI difference between the BRNP strategy and the UNINP strategy,

we obtain the final result in (5.15).



126 Appendix B

B.5 Proof of Theorem 5.5

In the dynamic system, we denote NΛ as the number of UEs, which follows a Poisson distri-

bution with the PMF given by

Pr(NΛ = N) =
ΛNe−Λ

N!
. (B.42)

We first analyze the expected average AoI in the BRNP strategy. We assume that the coding

rate of transmission is close to the channel capacity and the block error rate is negligible. Then,

the average AoI of the system with N UEs, where N ̸= 0, is approximated as

∆(N)
BRNPZ ≈ 3(Lco +NLid)

2CD2

. (B.43)

By averaging the average AoI w.r.t. the number of UEs, the expected average AoI is calculated

as

E[∆BRNPZ] =
∞

∑
N=1

Pr(NΛ = N)∆(N)
BRNPZ ≈

∞

∑
N=1

3ΛNe−Λ(Lco +NLid)

2N!CD2

, (B.44)

which results in (5.20).

We then analyze the expected average AoI in the UNINP strategy. Here, we approximate

the average AoI by considering the coding rate to be close to the channel capacity of each UE

and neglecting the block error rate. Hence, we approximate the average AoI of the system with

N UEs, where N ̸= 0, as

∆(N)
UNINPZ ≈3

2

N

∑
n=1

(
E

[
Lco +Lid

Cn

]
+ML

)
− 1

N

N

∑
n=1

N

∑
k=n+1

(
E

[
Lco +Lid

Cn

]
+ML

)
, (B.45)

where Cn is the channel capacity of Un. Due to the fact that the location of UEs follows the

same Poisson process, we simplify (B.45) as

∆(N)
UNINPZ ≈ 2N + 1

2

(
(Lco +Lid)E

[
1

Cn

]
+ML

)
. (B.46)

To obtain ∆(N)
UNINPZ, we need to calculate E [1/Cn]. Since the distance from each UE to the BS

follows a 2D Poisson process, the PDF of the distance between the BS and each UE is given

by

f (d) =
2d

D2
2 −D2

1
. (B.47)
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With high received SNR, the channel capacity is approximated as

Cn =
1
2

log2 (1+ γn) ≈
1
2

log2 (γn) . (B.48)

Based on (B.47) and (B.48), we calculate E [1/Cn] as

E

[
1

Cn

]
≈
∫ D2

D1

1
C0 − η

2 log2 d
f (d)dd =

22+ 4C0
η ln2(

D2
2 −D2

1

)
η
(Ei (x1)−Ei (x2)) =

1
CΛ

. (B.49)

By substituting (B.49) into (B.46), we obtain the average AoI of the system with N UEs in the

UNINP strategy as

∆(N)
UNINPZ ≈ 2N + 1

2

(
Lco +Lid

CΛ
+ML

)
. (B.50)

By averaging the average AoI w.r.t. the number of UEs, the expected average AoI is calculated

as

E[∆UNINPZ] =
∞

∑
N=1

Pr(NΛ = N)∆(N)
UNINPZ ≈

∞

∑
N=1

ΛNe−Λ (2N + 1)
2N!

(
Lco +Lid

Cn
+ML

)
,

(B.51)

which results in (5.21).
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