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Abstract—This paper considers utilizing the knowledge of age
gains to reduce the average age of information (AoI) in random
access with event-driven periodic updating for the first time.
Built on the form of slotted ALOHA, we require each device
to determine its age gain threshold and transmission probability
in an easily implementable decentralized manner, so that the
contention can be limited to devices with age gains as high as
possible. For the basic case that each device utilizes its knowledge
of age gain of only itself, we provide an analytical modeling by
a multi-layer discrete-time Markov chains (DTMCs), where an
external DTMC manages the jumps between the beginnings of
frames and an internal DTMC manages the evolution during an
arbitrary frame, for obtaining optimal fixed access parameters
offline. For the enhanced case that each device utilizes its
knowledge of age gains of all the devices, we require each device
to adjust its access parameters for maximizing the estimated
network expected AoI reduction per slot, through maintaining
the a posteriori joint probability distribution of local age and
age gain of an arbitrary device in a Bayesian manner. Numerical
results validate our study and demonstrate the advantage of the
proposed schemes over other schemes.

Index Terms—Internet of Things, age of information, periodic
update, random access, slotted ALOHA.

I. INTRODUCTION

A. Background

Internet of Things (IoT) systems have been widely applied
in many real-time services [1]–[3], such as emergency surveil-
lance, target tracking, process control, and so on. In these
services, destinations are interested in the status of one or
multiple processes observed by multiple sources, and then
take necessary actions based on the received status updates.
To ensure the quality and even safety of these services, it
is typically necessary for sources to deliver their generated
updates to the corresponding destinations as timely as possible.

However, such timeliness requirement cannot be charac-
terized adequately by conventional performance metrics (e.g.
throughput and delay). For example, when the throughput is
large, the received updates may not be fresh due to long delay;
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when the delay is small, the received updates may not be
fresh due to infrequent arrivals of updates. As such, a new
performance metric, termed age of information (AoI), has
been introduced in [4] to measure the time elapsed since the
generation moment of the latest successfully received update
at a destination. Naturally, to reduce the network average
AoI (AAoI), it is desirable for multiple access schemes to
assign higher transmission priorities to devices with higher
age gains, where the age gain of a device in a slot quantifies
how much a successful transmission of this device will reduce
its corresponding instantaneous AoI. Note that the age gain
of a device depends on only its instantaneous AoI under the
generate-at-will (GAW) arrival of updates.

With this objective, scheduling schemes that operate in a
centralized manner have been designed to perform close to
optimal network AAoI in various scenarios [5]–[8]. However,
they may be impractical due to the huge overhead of required
coordination, especially when there is considerable uncertainty
on the arrival patterns of updates. Unlike scheduling schemes,
random access schemes (e.g. slotted ALOHA, frame slotted
ALOHA, CSMA) allow a population of devices with limited
or no coordination to dynamically and opportunistically share
a channel. So, it is strongly required to design age-gain-
dependent random access (AGDRA) schemes, where each
device utilizes its knowledge of age gains1 to determine when
to transmit in an easily implementable decentralized manner,
so that the unavoided contention can be limited to devices with
age gains as high as possible.

Various AGDRA schemes have been proposed for the
GAW arrival [10]–[17] and the Bernoulli arrival [18]–[21]
of updates, and have been shown to significantly reduce
the network AAoI compared to conventional random access
schemes. It can be observed from [10]–[21] that designing
AGDRA is uniquely challenging due to the inherent coupling
of the arrival process of updates, the time evolution of local
ages, the time evolution of AoIs, and the time-varying mutual
interference. Generally speaking, this coupling would become
more complicated when a more general arrival process of
updates is considered, and is quite different from that for
optimizing the throughput or delay metric.

B. Related Work
Without relying on the knowledge of age gains, many

conventional random access schemes have been proposed for

1In the language of decision making under uncertainty [9], a knowledge of age
gains is defined as a probability distribution for the age gains of all the devices
based on past decisions, past observations, and an estimation approach.
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minimizing the network AAoI. Under the GAW arrival, [22]
showed that using slotted ALOHA is worse than scheduling
by a factor of about 2e. Under the Bernoulli arrival, [23] used
the elementary renewal theorem to optimize the transmission
probabilities for slotted ALOHA and CSMA, while [24] used
discrete-time Markov chains (DTMCs) to optimize the frame
length for frame slotted ALOHA. Under the periodic ar-
rival, [25] analyzed the effect of maximizing the instantaneous
throughput on the network AAoI of slotted ALOHA.

Basic AGDRA, where each device utilizes its knowledge
of age gain of only itself to adjust its access parameters, has
been investigated in [10]–[16], [18], [21]. In the form of slotted
ALOHA, [10]–[16] assumed that each device adopts a fixed
transmission probability if its corresponding age gain reaches
a fixed threshold, but keeps silent otherwise. Based on a com-
prehensive steady-state analysis of the DTMC defined in [10],
closed-form expressions of the network AAoI and optimal
access parameters were provided in [11] for an infinitely large
network size. For an arbitrary network size, [12] analyzed the
network AAoI by modeling the AoI evolution of each device
as a DTMC, which, however, relies on an ideal assumption
that the states of all the devices are independent of each other.
To mitigate the negative impact of contentions, a reservation
phase ahead of actual data transmission is proposed in [13],
[14], but its benefit comes at the cost of additional overhead
compared to [10]–[12]. Further, [15], [16] used stochastic
geometry tools to derive the network AAoI under the spa-
tiotemporal interference. Note that [10]–[16] mainly focused
on the GAW traffic, except that [11] extended its findings to
obtain an upper bound on the network AAoI for the Bernoulli
arrival. These schemes [10]–[16] have a common advantage
that the access parameters can be obtained offline through
analytical modeling, and thus can be simply implemented. In
addition, heuristic methods proposed in [18], [21] allow each
device to use different transmission probabilities for different
cases, but lack analytical modeling.

To further reduce the network AAoI, enhanced AGDRA,
where each device utilizes its knowledge of age gains of all the
devices to adjust its access parameters, has been investigated
in [19], [20] for the Bernoulli arrival. In the form of slotted
ALOHA, the AAT proposed in [19] allows each device to
transmit with a dynamic transmission probability (determined
by the estimated number of active devices) for maximizing the
instantaneous network throughput only if its corresponding age
gain reaches a threshold, which could be computed adaptively
using the estimated distribution of age gains. In the form of
frame slotted ALOHA, the T-DFSA proposed in [20] allows
the frame length and age-gain threshold for each frame to
be adjusted by the estimated distribution of age gains, so
that the estimated expected number of active devices can
be the smallest number not smaller than a certain number
(searched by simulations). Different from [19], [20], under
the GAW arrival, [17] estimated the network AoI rather
than the individual age gains for heuristically adjusting the
transmission probability, which would obviously lead to the
AoI degradation.

However, these previous studies on AGDRA [10]–[21] have
not considered the event-driven periodic arrival of updates,

which usually appears in many monitoring services [26]–[28].
For example, in closed-loop process control, multiple sensors
are employed to measure the plant outputs and validate the
event conditions periodically, and then each sensor sends a
fresh status update to a machine controller as needed. Note
that such an arrival process can include GAW, Bernoulli, and
periodic arrival processes considered in [10]–[25] as particular
cases, and its primary technical difficulty is to deal with time-
varying statistical characteristics of stochastic arrivals. [10]–
[15], [18], [21] used steady-state analysis for either GAW or
Bernoulli arrival processes; thus their models cannot be ap-
plied to analyze the transient behavior within each period. [25]
used non-stationary analysis to study the transient behavior
under periodic arrival but assumed a delivery deadline without
setting an age gain threshold; thus lacked a characterization
of the mutual effect of different periods on the age gains.

C. Contributions
To fill the gap in this field, this paper attempts to design

a type of AGDRA in the form of slotted ALOHA with an
age gain threshold [10]–[16], [19], [20], called T-AGDSA,
under event-driven periodic updating. Compared to the ex-
isting work [11], [12], [19], [20], [25], this paper makes the
following key contributions.

(i) Basic T-AGDSA: For simple implementation, consider
fixed threshold and fixed transmission probability as in [10]–
[16]. We provide an analytical modeling approach to evaluate
the network AAoI under event-driven periodic updating, based
on which optimal fixed threshold and optimal fixed transmis-
sion probability can be obtained offline. Compared to [11],
[12], [25], the technical difficulty of our work is to consider the
mutual impact of event-driven periodic updating and the age-
gain-dependent behavior in modeling, which is overcome by a
multi-layer DTMC model. Here an external DTMC manages
the jumps between the beginnings of frames, while an internal
DTMC manages the evolution during an arbitrary frame. Note
that the modeling approaches in [12], [25] can be seen as
special cases here.

(ii) Enhanced T-AGDSA: To pursue lower network AAoI,
we propose an enhanced T-AGDSA scheme that allows each
device to adjust the threshold and the transmission probability
for maximizing the estimated network expected AoI reduction
(EAR) per slot, based on the knowledge of age gains of all
the devices. Our approach for acquiring such knowledge relies
on using Bayes’ rule to keep the a posteriori joint probability
distribution for the local age and age gain of an arbitrary device
given all of the globally available information. Compared
with the AAT [19] that maximizes the estimated instantaneous
network throughput under a reasonably controlled effective
sum arrival rate, our scheme can avoid low efficiency of the
throughput-EAR conversion. Compared with the T-DFSA [20]
that controls the estimated expected number of active devices
reasonably, our scheme can avoid the network EAR degrada-
tion when the probability distribution of the estimated number
is divergent. Through extensive numerical experiments, we
validate our theoretical analysis and demonstrate the advantage
of the proposed schemes over the schemes in [11], [19], [20],
[25] in a wide range of network configurations.
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TABLE I
COMPARISON OF AGDRA SCHEMES.

Scheme Traffic
pattern

Access
parameters

Required
observations

Consider the dependence
between age gains and
local ages in modeling?

Rule of updating
the knowledge of

age gains
TA [11], ADRA [12] GAW Fixed N/A N/A N/A

Basic T-AGDSA
(Section III)

Event-driven
periodic Fixed N/A ✓ N/A

AAT [19] Bernoulli Adaptive Collision feedback � Bayesian rule

T-DFSA [20] Bernoulli Adaptive Number of suc., idle, and colli. slots
and the age gains of the successful devices � Maximum likelihood

estimation
Enhanced T-AGDSA

(Section IV)
Event-driven

periodic Adaptive Channel status (idle/suc./colli.) ✓ Bayesian rule

The remainder of this paper is organized as follows. The
system model, the considered two versions of T-AGDSA, and
a lower bound on the network AAoI are specified in Section II.
In Section III, we provide an analytical modeling approach
to evaluate basic T-AGDSA for determining optimal fixed
access parameters. In Section IV, we propose an enhanced T-
AGDSA scheme for maximizing the estimated network EAR
per slot. Section V provides numerical results to verify our
study. Section VI draws final conclusions.

II. SYSTEM MODEL AND PRELIMINARIES

A. Network Model

Consider a globally-synchronized uplink IoT system con-
sisting of a common access point (AP) and N devices, indexed
by N , f1; 2; :::; Ng. The global channel time is divided into
frames (indexed from frame 0), each of which consists of D
consecutive slots, where D 2 Z+ denotes the minimum update
interval of each device. The slots in frame m 2 N are indexed
from slot mD to (m+1)D�1. At the beginning of each frame,
each device independently generates a single-slot update with
probability � 2 (0; 1] and does not generate updates at other
time points.2 To maintain the information freshness, a newly
generated update at each device will replace the undelivered
older one if there is any.

By considering a reliable wireless channel under an ap-
propriate modulation and coding scheme, we assume that an
update is successfully transmitted if it is not involved in a
collision, and otherwise is unsuccessfully transmitted. After
a successful reception of an update of a device, the AP
immediately sends an acknowledgment (ACK) to notify the
device without errors or delays.3 Thus, at the end of each slot
t, each device is able to be aware of the channel status of slot
t, denoted by ct 2 f0(idle); 1(success); �(collision)g.

B. Performance Metrics

At the beginning of slot t, we denote the local age, proposed
in [4], of device n by wn;t, which measures the number of slots
elapsed since the generation moment of its freshest update.
The local age of device n is reset to zero if the device generates

2This assumption holds when the devices with globally synchronized clocks
validate the event conditions synchronously and periodically (e.g. in a periodic
event-triggered control implementation for closed-loop process control [26]).
3This assumption holds when ACKs are well protected by error correction
codes and the ACK length is negligible compared with the update length [10].

an update at the beginning of slot t, otherwise, it increases by
one. Then, the evolution of wn;t with wn;0 = 0 is given by

wn;t+1 =

8><>:
0; if device n generates an update

at the beginning of slot t+ 1,
wn;t + 1; otherwise.

(1)

Next, we denote the instantaneous AoI, proposed in [4], of
device n at the beginning of slot t by hn;t, which measures
the number of slots elapsed since the generation moment of its
most recently successfully transmitted update. If the freshest
update of device n is transmitted successfully at slot t, the
AoI of device n will be set to its local age (in the previous
slot) plus one, otherwise, the AoI will increase by one. Then,
the evolution of hn;t with hn;0 = 0 is given by

hn;t+1 =

8><>:
wn;t + 1; if device n successfully

transmits in slot t,
hn;t + 1; otherwise.

(2)

Owing to the ACK mechanism and local information about
wn;t, each device n is able to be aware of the value of hn;t+1

at the beginning of slot t+ 1 for each t � 0.
We define the AAoI of device n as:

�n , lim
T!1

1

T

T�1X
t=0

hn;t; (3)

where T is the time horizon length. We aim to design a random
access protocol that minimizes the network AAoI,

� ,
1

N

NX
n=1

�n: (4)

C. Random Access Protocol

We define the age gain, proposed in [29], of device n at the
beginning of slot t as

gn;t , hn;t � wn;t; (5)

which quantifies the reduction in instantaneous AoI upon a
successful transmission of device n. Based on the fact that
hn;t � wn;t, it is clear that gn;t � 0.

Following [19], we require each device n with a non-empty
buffer (i.e., gn;t � 1) to send its update according to the
following T-AGDSA protocol, that is,

(i) transmits at the beginning of slot t with the probability
pt 2 (0; 1] if gn;t � �t, where �t 2 Z+ denotes the age gain
threshold in slot t,
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(ii) otherwise keeps silent at slot t.
A device n is said to be active in slot t if gn;t � �t.
Then, we consider the following two versions of T-AGDSA

with different settings of �t and pt.
(i) Basic T-AGDSA: for simple implementation [11], the

values of �t and pt are fixed to �sta and psta, respectively, for
all slots t.

(ii) Enhanced T-AGDSA: at the beginning of each slot
t, each device utilizes the globally available information,
including the network parameters N , �, D, previous channel
status ct�1, and previous access parameters �t�1, pt�1 to
update the joint probability distribution of local age and age
gain of an arbitrary device in a Bayesian manner, and uses this
distribution to obtain the knowledge of age gains. Note that,
similar to [19], since the devices only use globally available
information to compute �t; pt individually, each device would
obtain the same knowledge of age gains and compute the same
values of �t; pt, without the need of sharing.

It will be shown in Sections III–V that basic T-AGDSA
can be developed offline through theoretical modeling and is
simpler to implement online compared to enhanced T-AGDSA,
but cannot utilize the knowledge of age gains to improve the
AoI performance as done in enhanced T-AGDSA.

arrival success

Fig. 1. An example of hn;t, wn;t, gn;t and �t evolving over time under
enhanced T-AGDSA when D = 4. The black solid arrowhead indicates
the arrival of an update, whereas the black hollow arrowhead indicates the
successful transmission of the most recently generated update of device n in
the corresponding slot.

An example of hn;t, wn;t, gn;t and �t evolving over time
under enhanced T-AGDSA when D = 4 is shown in Fig. 1.

D. Lower bound

When D = 1, [19] derived a lower bound on the achievable
network AAoI by assuming that all updates can be delivered
instantaneously upon their arrival, without experiencing colli-
sions. We extend this bound to the case D � 1. This bound
is tighter when N�=D is smaller, which will be verified in
Section V. The proof is given in the Appendix.

Proposition 1: For any transmission scheme under the
system model specified in Section II-A,

� � D=�+ (1�D)=2: (6)

III. MODELING AND DESIGN OF BASIC T-AGDSA
In this section, we provide an analytical modeling approach

to evaluate the network AAoI of basic T-AGDSA, and use this
modeling to obtain optimal values of fixed threshold �sta and
fixed transmission probability psta.

The symmetric scenario described in Section II allows us to
analyze the AAoI of an arbitrarily tagged device to represent
the network AAoI. So, we omit the device index for analysis
simplicity. To reflect the impact of the frame length D better,
we identify a slot t by the tuple (m; �), where m = bt=Dc
and � = t�mD, for arbitrary t � 0.

To deal with the mutual effect of different frames and the
transient behavior within each frame, which are over different
time scales, we decompose the system in two nested layers
(as shown in Fig. 2) using a multi-layer Markov model where
the external layer manages the jumps between consecutive
beginnings of frames, while the internal layer manages the
evolution during an arbitrary frame. In the rest of this section,
we explore how to establish these two layers.

A. External Layer

Let Wm and Hm denote the local age and instantaneous AoI
of the tagged device at the beginning of frame m, respectively.
By Eq. (1) and the traffic pattern described in Section II, the
evolution of Wm with W0 = 0 can be expressed as

Wm+1 =

8><>:
0; if an update arrives at the

beginning of frame m+ 1,
Wm +D; otherwise.

(7)

By Eq. (2), the evolution of Hm with H0 = 0 is

Hm+1 =

8><>:
Wm +D; if an update is successfully

transmitted during frame m,
Hm +D; otherwise.

(8)

Denote the age gain of the tagged device at the beginning of
frame m by Gm. By Eq. (5), we have

Gm = Hm �Wm: (9)

Consider a state process X , fXm;m 2 Ng where Xm ,
(Wm; Gm). By Eqs. (7)–(9), we observe that the transition to
the next state in X depends only on the present state and not
on the previous states. Hence, X can be viewed as a DTMC
with the infinite state space X , f(lD; kD)jl; k 2 Ng.

For an arbitrary frame m with Xm = (lD; kD), let
�l;k;� and �l;k denote the probabilities that the tagged device
transmits its update successfully at slot (m; �) and in frame
m, respectively. Obviously, �l;k =

PD�1
�=0 �l;k;� . According to

the evolution of Wm and Gm given in Eqs. (7)–(9), the state
transition probabilities of X can be obtained as

PX
(lD;kD);(l0D;k0D)

, Pr
�
Xm+1 = (l0D; k0D) j Xm = (lD; kD)

�

=

8>>>>>><>>>>>>:

��l;k; if l0 = 0; k0 = l + 1;

�(1� �l;k); if l0 = 0; k0 = l + k + 1;

(1� �)�l;k; if l0 = l + 1; k0 = 0;

(1� �)(1� �l;k); if l0 = l + 1; k0 = k;

0; otherwise.

(10)

Consider that under the traffic pattern described in Sec-
tion II, the age gain of the tagged device during frame m
remains unchanged if the tagged device fails to transmit its


