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Abstract—Modern sensing and monitoring applications typi-
cally consist of sources transmitting updates of different sizes,
ranging from a few bytes (position, temperature, etc.) to multiple
megabytes (images, video frames, LIDAR point scans, etc.).
Existing approaches to wireless scheduling for information
freshness typically ignore this mix of large and small updates,
leading to suboptimal performance. In this paper, we consider a
single-hop wireless broadcast network with sources transmitting
updates of different sizes to a base station over unreliable links.
Some sources send large updates spanning many time slots while
others send small updates spanning only a few time slots. Due
to medium access constraints, only one source can transmit
to the base station at any given time, thus requiring careful
design of scheduling policies that takes the sizes of updates
into account. First, we derive a lower bound on the achievable
Age of Information (Aol) by any transmission scheduling policy.
Second, we develop optimal randomized policies that consider
both switching and no-switching during the transmission of large
updates. Third, we introduce a novel Lyapunov function and
associated analysis to propose an Aol-based Max-Weight policy
that has provable constant factor optimality guarantees. Finally,
we evaluate and compare the performance of our proposed
scheduling policies through simulations, which show that our
Max-Weight policy achieves near-optimal Aol performance.

I. INTRODUCTION

The Age of Information (Aol) metric has received signif-
icant attention in the literature [1]-[8] due to its relevance
for emerging time-sensitive applications such as connected
autonomous vehicles [1], [2], cooperative UAV swarms [3]-
[5], and the Internet-of-Things [6]-[8]. Aol captures the
freshness of information from the destination’s perspective
by measuring the time elapsed since the generation of the
most recent update. In many such applications, the content
being transmitted is multimodal, including a mix of small
information updates (such as position, temperature, pressure,
etc.) and large updates (such as video frames, LIDAR point
scans, images, etc.). Given the slotted nature of modern
communication networks (e.g., OFDM in WiFi 6 and in 5G),
the transmission of a single update may require multiple time
slots, where each time slot carries an individual data packet.

In this paper, we consider a network with multiple sources
transmitting time-sensitive updates to a base station (BS),
as illustrated in Fig. 1. We assume that information updates
generated by source i € {1,2,..., N} are composed of L;
data packets. Further, we assume that, in each time slot,
the BS can schedule one source to transmit a single data
packet, and that these transmissions are unreliable. Our goal
is to develop transmission scheduling policies that attempt to
optimize information freshness in the network.
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Fig. 1: Network with /N sources transmitting information updates to
a base station (BS). Sources generate updates over time and keep
only the freshest update. Updates from source ¢ € {1,..., N} are

composed of L; data packets. The BS selects one source at every
time slot ¢ to transmit a single packet via its unreliable wireless link.
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Fig. 2: Aol evolution in a two-source network with reliable channels
and sources 1 and 2 with update lengths L; = 100 and Lo = 2,
respectively. Each of the four plots are associated with a different
scheduling policy: (a) no-switching; (b) switching twice during the
update of source 1; (c) switching 10 times during the update of
source 1; and (d) round robin. The average Aol is shown in Table I

Developing effective scheduling policies in networks with
different update sizes is challenging. To illustrate this chal-
lenge, we consider a simple two-source network with reliable
channels in which source 1 transmits large updates, each with
L1 = 100 packets, and source 2 transmits small updates, each
with L, = 2 packets. In each time slot, only one source
can be scheduled by the BS. In Fig. 2, we compare the
Aol evolution associated with four scheduling policies: (a)
no-switching policy, which delivers complete updates from
sources 1 and 2 in turns; (b) switching twice policy, which
periodically delivers two small updates from source 2 for
every large update from source 1; (c) switching 10 times
policy, which periodically delivers ten small updates for every
large update; and (d) the round robin policy, which schedules
packet transmissions from sources 1 and 2 in turns. Table |
reports the average Aol achieved by the different policies,
indicating that, even in small networks with reliable channels,
judiciously accounting for the different update lengths can
significantly improve Aol.

However, most scheduling policies proposed in prior
works [9]-[17] are designed under the assumption that every
successful transmission of a fresher packet to the destination



TABLE I: Average Aol associated with the plots in Fig. 2.

Scheduling Policy Average Aol

(a) No-Switching 154

(b) Switching Twice 118

(c) Switching 10 times 99
(d) Round Robin 153.25

leads to an Aol reduction, which is only true if L; = 1,V4,

and can lead to poor Aol performance. Table I shows that the

two policies that disregard the difference in update lengths,
namely No-Switching and Round Robin, have an average Aol
that is at least 54% worse than Switching 10 times.

Main Contributions. In this paper, we address the problem of

Aol optimization in wireless networks in which sources may

have different update lengths. Our main contributions can be

summarized as follows:

o We find the optimal schedulers for two classes of policies:
(i) Switching Randomized Policies (SRP), in which the
BS randomly selects a source for transmission in every
slot ¢; and (ii) No-Switching Randomized Policies (NSRP),
in which once the first packet of an update is successfully
transmitted to the BS, the BS must continuously select the
same source until the entire information update is delivered.
We obtain closed-form analytical expressions for the Aol
performance of SRP and NSRP. Using our universal lower
bound, which generalized prior works [18], [19], we derive
a constant factor optimality guarantee for the optimal SRP.

« We develop a novel low-complexity Max-Weight policy
that makes scheduling decisions based on: Aol, system
time, and remaining number of packets in the current
update. We derive a constant factor optimality guarantee
for the Max-Weight policy. To the best of our knowledge,
this is the first policy with a constant factor optimality
guarantee in terms of Aol for networks with different update
lengths and unreliable channels.

e To derive performance guarantees, we propose a novel
Lyapunov function and analysis. Traditional Aol-based
Lyapunov functions and analysis are insufficient since there
can be long periods of time when the Aol does not change
despite successful packet deliveries (due to large update
sizes and unreliable channels). We add notions of system
time, waiting time, and throughput debt to our Lyapunov
function and utilize these in Lyapunov drift analysis to
obtain our performance bounds.

o We evaluate the impact of the network configuration and
scheduling policy on Aol. Our numerical results show that,
the performance of the Max-Weight policy is near optimal
for a wide variety of network settings.

Related Work. The design of transmission scheduling poli-

cies that optimize the Aol in wireless networks has been

extensively investigated (e.g., [9]-[17], [19]-[22]). Various
network configurations have been considered, including those

with stochastic arrivals [9], [10], energy constraints [11],

[12], throughput constraints [13], [14], and imperfect knowl-

edge [15]-[17]. Most prior works [9]-[17] assume that each

update consists of a single packet, while a few recent stud-
ies [8], [19]-[22] considered networks with different update

sizes. Most related to this paper are [19]-[21].

In [19], Li et al. consider networks with reliable channels
and sources that generate updates with different sizes. They

develop the Juventas scheduling policy based on the “Aol out-
age” defined as the difference between Aol and system time
and provide performance guarantees under the assumption
that each update can be fully delivered within one time slot.
The interesting insights in [19] are limited to networks with
reliable channels. Similarly, in [20], Tripathi et al. propose
a low-complexity Whittle index resource allocation algorithm
for networks with reliable channels and non-uniform update
lengths. This algorithm assumes that complete updates must
be transmitted before switching sources, and it lacks per-
formance guarantees in terms of Aol. In [21], Zhou et al.
study Aol minimization by jointly designing sampling and
scheduling policies. They derive the Bellman equation, unveil
interesting structural properties of the solution, apply linear
decomposition method to decouple sources, and develop a
structure-aware algorithm that solve the Bellman equation
for each source in parallel to compute a sub-optimal policy.
The proposed structure-aware algorithm has no performance
guarantees and it has a computational complexity of O(h2L),
where h is the imposed upper bound on the Aol and L is the
update length, which may limit its practical applicability.

In contrast, in this paper we consider wireless networks
where sources generate updates of different lengths and
the wireless channels are unreliable. We develop dynamic
scheduling policies with constant factor optimality guarantees
in terms of Aol. Further, our proposed scheduling schemes
are low complexity - their complexity scales linearly with the
number of sources and does not scale at all with the size of
the updates L.

The remainder of this paper is organized as follows. In
Sec. II, we describe the network model. In Sec. III, we
derive a lower bound on the achievable Aol. In Sec. IV,
we develop and analyze the optimal SRP and optimal NSRP.
We also use the lower bound derived from earlier to prove
performance guarantees for the optimal SRP and NSRP. In
Sec. V, we develop and analyze the Max-Weight policy, and
provide performance bounds. In Sec. VI, we provide detailed
numerical results that illustrate the performance gains of our
approach in a wide variety of network settings.

II. NETWORK MODEL

Consider a single-hop wireless network with a base station
(BS) that receives time-sensitive updates from N sources,
as illustrated in Fig. 1. Let time be slotted, with slot index
t € {1,2,...,T}, where T denotes the time horizon. Each
information update generated by source i € {1,2,...,N}
consists of L; data packets, where each packet can be
entirely transmitted in one time slot. An information update
is deemed to have been delivered successfully only after all
L; data packets reach the BS. However, due to interference
and capacity constraints, only one source can transmit in
any given time slot, and the BS can receive at most one
packet per slot, which may not constitute an entire update.
These limitations necessitate the careful design of scheduling
policies that account for Aol, the size of updates, and the
number of packets remaining in queues. Next, we discuss the
update generation process and packet transmission process in
our system model.

Update Generation Process. Updates generated by each
source ¢ are queued in a corresponding single update buffer



queue. At any time slot, the queue contains all the packets
that are remaining for transmission from the latest generated
information update. Each source decides whether to generate a
new update and place it in its buffer by looking at the number
of packets remaining in the queue. Specifically, if the buffer
is empty, then source ¢ generates a new update and places it
in the buffer. Similarly, if the buffer is full, and the source is
not currently transmitting, then it generates a new update and
places it in the buffer. This generation policy ensures that the
source always transmits the freshest available update, when
it starts transmission. We assume that the update generation
and transmission is non-preemptive, i.e. if a part of the update
remains undelivered, then the source keeps the remainder of
the current update in the buffer and does not replace it with a
new update. Intuitively, this queuing discipline helps reduce
the age of information by avoiding partial transmissions that
do not reduce Aol, while ensuring that newly transmitted
updates remain as fresh as possible.

Packet Transmission Process. In each slot ¢, the BS either
idles or selects one source for transmission. Let u;(¢) = 1
indicate that source 4 is selected during slot ¢, and w;(¢t) =0
otherwise. It follows that Zf\ilul(t) < 1,Vt. The selected
source attempts to transmit one packet from its queue to the
BS over an unreliable wireless channel. Let ¢;(t) = 1 indicate
that the channel from source ¢ to the BS is ON during slot
t, and ¢;(t) = 0 indicates otherwise. The channel states c¢;(t)
are i.i.d. over time and independent across different sources,
with P(¢;(t) = 1) = p; € (0,1] for all i, t.

Let d;(t) be an indicator such that d;(t) = 1 if source
1 successfully transmits a packet in slot ¢, and O otherwise.
A transmission is successful if the source is scheduled and
the channel is ON, implying d;(t) = ¢;(t) u;(¢), Vi, t. Since
the BS does not know the channel states before making
scheduling decisions, u;(t) and ¢;(t) are independent, which
yields E[d;(t)] = p; E[u;(t)], Vi, t.

Without loss of generality, we assume that at the begin-

ning of each slot t, the update generation occurs before
packet transmission can start. Next, we introduce network
performance metrics of interest and then formulate the Aol
minimization problem.
Remaining Update Length. Let L;(t) € {1,2,..., L;}
denote the number of packets remaining to be transmitted in
source ¢’s queue at the beginning of slot ¢, after the update
generation process. The evolution of L;(¢) is given by

Li7 if dl(t) =1 and Ll(t) = 1,
Li(t+1)=< L;(t) — 1, ifd;(t)=1and L;(t) #1, (1)
L;(t), if d;(t) = 0.
The remaining update length L;(¢) is critical for Aol tracking,

as it determines the number of packet deliveries required
before the Aol can be reduced.

System Time. The system time of the update in the queue of
source i in slot ¢ is defined as z;(t) := t —7°(t), where 7% (t)
represents the time at which the update was generated (i.e.,
the “source timestamp”). The system time evolves as

1, if d;(t) =0 and L;(t) = L,
ord;(t)=1and L;(t) =1, (2)
otherwise.

System time z;(t) is crucial for tracking Aol, as it measures
how fresh the update is before delivery.
Age of Information. Let h;(t) := t — 72(¢) be the Aol

associated with source ¢ at the beginning of slot ¢, where
D

7;7(¢) is the generation time of the last delivered update. The

evolution of h;(t) is given by:

(T 1 ifd;(t)=1and L;(t) =1,
h;(t) +1 otherwise.
We assume that h;(1) = 1, z;(1) =0, V4, and L;(1) = L;, Vi.

Long-term Packet Throughput. The long-term packet
throughput of source ¢ is given by

E[D;(T
lim 7[ T( )], 4)

T—o0

qi =

where D;(T') = Zle d;(t) is the total number of information
updates delivered from source ¢ by the end of the time-horizon
T. The shared and unreliable wireless channel restricts the
set of feasible values of long -term throughput. By employing

E[d;(t)] = p:E[u;(t)] and Z _; ui(t) <1 into the definition
of long-term throughput in (4), we obtain
N
EDi(T)] _ pi S Blus(t)] _ 5~ 4
= = <1. (5)
T T i1 Pi

Aol minimization problem. The transmission scheduling
policies considered in this paper are non-anticipative, which
means that they do not use future information when making
scheduling decisions. Let II represent the class of non-
anticipative policies and let @ € II denote an arbitrary
admissible policy. To capture the information freshness in a
network employing policy @ € II, we define the Expected
Weighted Sum Aol (EWSAOI) in the limit as the time horizon
T grows to infinity as

RS9 ST

t=1 i=1

E[J7]

where o; > 0 represents the priority of source ¢. We denote
by 7* & II the Aol-optimal policy that achieves minimum
EWSAoI, namely

Bl = mLH;OWZZa 20
N

st ui(t) < 1. 8)
i=1

where E [J*] is the EWSAoI associate with policy 7*, and the
expectation is with respect to the randomness in the channel
state ¢;(t) and in scheduling decisions u;(t). Next, we derive
a universal lower bound for the Aol minimization problem.

III. LOWER BOUND

In this section, we derive a lower bound on the achievable
EWSAoI under any admissible scheduling policy 7 € II. We
first define waiting time and service time, then we characterize
the EWSAOI in terms of these two quantities, and, finally, we
derive the lower bound.

Waiting Time and Service Time. Let K;(T) denote the total
number of delivered updates from source ¢ by the end of slot



T and let m € {1,..., K;(T)} be the index of the delivered
updates from source . Let ¢;[m] denote the time slot in which
the first packet of the mth delivered update is received, and let
t;[m] denote the time slot in which the last packet of the mth
delivered update is received. We define the waiting time of the
mth update from source i as W;[m] = t;[m] — ¢;[m — 1],
which is the interval between the delivery of the last packet
of the (m — 1)th update and the delivery of the first packet of
the mth update. Similarly, the service time of the mth update
for source i is defined as S;[m] := &;[m] — ¢;[m], which is
the interval between the delivery of the first and last packets
of the mth update. We assume that ¢;[0] = 0, W;[0] = 0, and
S;[0] = 0 for all 4.

For a set of values x, let M[x] denote the sample mean. The
time horizon 7T is omitted in the notation M[-] for simplicity.
Using this operator, the sample mean of W;[m/| and S;[m)] for
a fixed source ¢ is given by

B 1 K;(T)
M[Wiml] := zs D Wilm) ©

v m=1

B Ki(T)
M([S;[m]] = S; (10)

m=1

Proposition 1. The infinite-horizon Weighted Sum Aol
achieved by scheduling policy «, i.e. J™, can be written as

S e LA UAREI )
T2 <2M[ Wilm] + Silm] .
[, — 1] (W] + 5,[m])]
i Mo A0l 3] 1>,

where W;[m] and S;[m] are the waiting time and service time
of the mth update from source 1.

Proof. Using a sample path argument, we compute the sum
of Aol during each update, and take the average over time by
rewriting the time horizon 7" as the sum of waiting and service
times. By omitting zero-order terms, we obtain (11). Detailed
derivations are provided in Appendix A in the technical
report [23]. |

Remark 2. Equation (11) holds for any scheduling policy
m € 1l and generalizes known results for the single-packet
case [13] to the scenario where each update may contain
multiple packets. The first term on the RHS of (11) depends
on both the waiting time and service time. The second term
depends on the previous update’s service time and the sum of
the current update’s waiting time and service time. Intuitively,
to minimize Aol, the scheduling policy should attempt to
deliver packets from a source that currently has high waiting
time and high service time, especially the latter.

Based on Proposition 1, we now establish a universal lower
bound on the achievable Aol.

Theorem 3. For a network with parameters {N, a;, p;, L; },
the following bound holds for all admissible policies m € I1:

1 N o L. 2 N
= — v v < ™
Lp 5N <ZE_1 o ) + E a; <E[J7],

i=1

12)

Proof. Applying Jensen Inequality and S;[m — 1](W;[m] +
Si[m]) > 0,Vi, m,, we obtain a lower bound on (11). Then,
by using Cauchy-Schwarz Inequality to solve the optimiza-
tion problem with respect to throughput of each sources
yields (12). Detailed derivations are provided in Appendix
B in the technical report [23]. |

IV. RANDOMIZED POLICIES

In this section, we discuss two classes of randomized
scheduling policies: Switching Randomized Policies, in which
the BS randomly selects a source for transmission in every
slot ¢; and No-Switching Randomized Policies, in which once
the first packet of an update is successfully transmitted to the
BS, the BS must continuously select the same source until
the entire information update is delivered. In Sec. IV-C, we
compare the performance of these two classes of randomized
policies in symmetric and non-symmetric networks.

A. Switching Randomized Policies (SRP)

Let II7 denote the class of SRPs. A BS running a policy
s € II7 operates as follows: in each slot ¢, the BS selects
source ¢ with scheduling probability u € (0, 1], where the
probabilities satisfy Zfil pu; < 1. If source ¢ is selected
during slot ¢, then it transmits a packet to the BS. SRPs select
sources at random, without taking into account the current Aol
h;(t), system time z;(t), nor the number of remaining packet
L;(t) at each source. Each policy s is fully characterized by
the set of scheduling probabilities {15} ;. Note that under an
SRP, packets from different sources are interleaved between
one another, it is not necessary for all packets belonging to
an update to be delivered continuously.

Next, we obtain the optimal SRP and provide performance
guarantees for it in terms of Aol. Specifically, Proposition 4
provides the EWSAOoI associated with an arbitrary SRP s €
II; and Theorem 5 characterizes the optimal SRP S and its
performance guarantee.

Proposition 4. For a network with parameters { N, «;, p;, L; }
and any SRP s € 115 characterized by {ui}Y ., the corre-
sponding EWSAol is given by

Ly 1) .

NZO”(

Proof. First, we take the expectation of (11) to obtain an
expression for the EWSAol. Then, we substitute the first
and second moments of the waiting time and service times
— which follow a negative binomial distribution [24] — to
obtain (13). Detailed derivations are provided in Appendix
C in the technical report [23]. |

13)

2pl:u’7,

From (13), we can obtain the optimal SRP S by solving

N N
<3L1> S
(s, 2pi i —

min
Theorem 5. For a network with parameters {N, a;, p;, L;},
let S 6 II? be the optimal SRP. Its scheduling probabilities

{u? YN, are given by
a; (3L;—1)
v p Vi,

> o 3LJ—1)
Jj=1 2p;

(14)

wi = (15)



The associated EWSAol is given by

e (T4

2
“1)) . (16)

which satisfies

Lp < E[J°] < p°Lsg, (17

where Lp is the lower bound from Theorem 3 and the
optimality ratio p°

2
N i(3L;—1 N
. E(EN Y LY o
P

= ~ = ~ (18)
ﬁ(zizl %)2 + % Zi:1 %)

Proof. To solve (14) we apply Cauchy-Schwarz Inequality
and immediately obtain the optimal SRP in (15). Substitut-
ing (15) into (13) yields the EWSAol expression in (16). Com-
paring (16) and (12) gives (17) and (18). Detailed derivations
are provided in Appendix D in the technical report [23]. W

Notice that when L; = 1,Vi, the optimal SRP coincides
with that in [18] and achieves an optimality ratio of p° = 2.
In the more realistic and general case when update lengths
{L;}, are arbitrary, the optimal SRP attains an optimality
ratio in the range p° € [2,3).

B. No-Switching Randomized Policies (NSRP)

We denote by II"® the class of NSRPs. In contrast to
SRPs, NSRPs ns € II'® do not switch sources between
updates. Specifically, once the first packet of an update is
successfully transmitted (i.e., d;(t) = 1 and L;(t) = L),
the BS continues selecting the same source for transmission
until the update delivery is complete. In the slot following the
successful transmission of the last packet of an update, the BS
selects any source i with scheduling probability pf* € (0, 1],
with Zz 1 17 < 1. Random selection of sources, according
to {u?*}Y |, continues until the first packet is successfully
transmitted. Intuitively, NSRPs reduce the service time .S;[m]
by continuously transmitting an entire update from a single
source, which is in line with the discussion in Remark 2.

NSRPs do not consider the current Aol h;(t) nor the
system time z;(t). However, NSRPs behave differently in
case L; ( ) = L;, when scheduling decisions are randomized
{urs}N |, and in case L;(t) < L;, when scheduling decisions
are deterministic. Each policy ns is fully characterized by
the set of scheduling probabilities {47*}Y ;. Proposition 6
provides an expression for the EWSAol associated with an
arbitrary NSRP ns € II7%.

Proposition 6. For a nerwork with parameters { N, o;, p;, L; }
and an arbitrary NSRP ns € I17'® with scheduling probabili-
ties {u* YN, the EWSAol is given by:

N

i E[W?] + E[S?
Jns Z lu’z °pi [ i ] + [Sz]
= Z] 1 lLL;LSLJ 2
5 19)
Li—1 Li—1
+< : ) +2JE[W§]< : ) +1].
bi bi
Here, E[S?], E[W;], and E[W}?| denote the second moment

of the service time, the first moment of the waiting time, and
the second moment of the waiting time, respectively. The term

Expected Weighted Sum Aol
3
8

S o

Fig. 3: Simulation results of two-source networks with varying
weight a1 € {1,2,...,10} and update length L, € {2,4,...,30},
while as = 10, L2 = 2, and p; = p2 = 0.5 remain fixed.

E[Y;?] represents the second moment of the number of time
slots between two consecutive transmissions from source 1i.

These quantities are given by

E[S?] = (L — 1;(2-[11' - pz‘)’ 20)
B - 2o u;;Ljns P (L= 1) on
;" Di
BV = {5 [ur (1+2(1 - W)
+ upt (BIY7] + 2L;E[WI]) |, (22)
J#i
E[Y?] = 2L; — 1 + (Li —1)(Li —Pz’). 23)

Di

Proof. First, we take the expectation of (11) to obtain an ex-
pression for the EWSAoI. For a network employing a NSRP,
the service time follows a negative binomial distribution [24]
and the waiting time can be modeled as a Markov chain,
from which its first and second order moments are derived
via recurrence time analysis. Substituting these results into
the EWSAoI expression yields (19). Detailed derivations are
provided in Appendix E in the technical report [23]. ]

From the expression for the EWSAoI in (19), we can find
the optimal scheduling probabilities {uN*} | by solving the
optimization problem below:

mln E[J™?],
{'U‘:,ls i=1

s.t. Zu”s <1

The complex expression for the EWSAol in (19) does not lend
itself for a closed-form solution for the optimal scheduling
probabilities {u¥ 5} |. However, (24) is a convex optimiza-
tion problem that can be solved numerically. In Sec. VI, we

use a numerical solver to obtain the values of {uNS1Y .

(24)

C. Comparison of Randomized Policies

We now compare the performance of the optimal SRP and
the optimal NSRP in symmetry and non-symmetric networks.

Corollary 7. Consider a symmetric network with channel
reliabilities p; = p € (0,1), update lengths L, = L > 0,
and weights a; = a > 0 for all i. Let E[JV] and E[J]



be the EWSAol achieved by the optimal no-switching and the
optimal switching randomized policies, respectively. Then,
E[JV®] < E[J®] (25)
This corollary demonstrates that in symmetric networks the
no-switching approach consistently outperforms the switching
approach by leveraging continuous transmissions for each
source, resulting in lower service times for the selected source,
and thus lower EWSAoL
Figure 3 compares the EWSAol of the optimal SRP
and NSRP in a non-symmetric two-source network with
fixed channel reliabilities p; = ps = 0.5. The parameters
for source 1 vary over oy € {1,2,...,10} and L; €
{2,4,...,30}, while source 2 has fixed ag = 10 and Ly = 2.

Remark 8. As can be seen in Fig. 3, in highly asymmetric
networks, the optimal SRP can significantly outperform the
optimal NSRP in terms of the EWSAol. This result is in line
with Fig. 2 and Table I which showed switching policies that
outperformed the no switching policy by more than 54%.
Intuitively, under a NSRP, once transmission begins for a
source with a large update length, the Aol for other sources
continues to rise until the update is fully delivered. In these
cases, switching to another source with low update length
earlier could reduce the average Aol, as seen in Fig. 2, but
the no-switching approach prevents such adaptive flexibility.

V. MAX-WEIGHT POLICY

In this section, we develop a Max-Weight policy [25]
designed to reduce the expected drift of a suitably constructed
Lyapunov function at every time slot ¢. The Lyapunov function
outputs a nonnegative scalar that is high when the network
is in undesirable states. Prior works including [9], [13],
[18] utilized Lyapunov functions and one-slot Lyapunov drift
analysis that focused on Aol h;(t) and system times z;(t).
While this approach is suitable for networks with L; = 1,V
in which every packet transmission may lead to a reduction
of Aol in the next time slot. This approach is not suitable
for networks with large L; when the Aol reduction (i.e.,
the reward) may come in the distant future and may depend
on the (stochastic) outcome of future scheduling decisions.
This time-dependency and complexity also makes multi-slot
Lyapunov drift analysis [25] unsuitable.

To address this challenge, we draw inspiration from Re-
mark 2 to define a novel Lyapunov function that incorpo-
rates waiting time, “‘optimistic” service time, and throughput
debt [26], and is amenable to one-slot Lyapunov drift analysis.
Before developing the Max-Weight policy, we introduce the
throughput debt, the proposed Lyapunov function, and the
corresponding one-slot Lyapunov drift.

Throughput Debt. Let x;(¢) denote the throughput debt
associated with source ¢ at the beginning of slot ¢. The
throughput debt is defined as z;(t + 1) = tq; — Ztr:1 di(7),
where ¢; is the long-term throughput target. The value of ¢g;
can be interpreted as the minimum number of packets that
source i should have delivered by slot t-+1 and Y% _, d;(7) is
the total number of packets actually delivered. Let the positive
part of the throughput debt be z; (t) = max{z;(t);0}. A
large debt z; (t) indicates that source i is lagging behind in

terms of throughput. Notice that strong stability of the process

x (), namely

lef;:ZE

is sufficient to establish that the long-term throughput is larger
than the target, i.e., ¢; > @;. [27, Theorem 2.8]

Lyapunov Function. We propose the following Lyapunov
function

(26)

Li(t)?
27

+Z% Zz

Notice that h;(t) — z;(t) and z;(t) + L;(t) capture the waiting
time and an “optimistic” service time of the information
update currently in source 7, respectively. The service time is
optimistic as it assumes that all remaining packets will take
one slot to be delivered. The positive hyper-parameters [3;,
v;, and V are used to tune the Max-Weight policy to different
network configurations. From Remark 2, we know that service
time contributes more to the EWSAoI than waiting time, thus,
~; should be set to a higher value than ;.

One-slot Lyapunov Drift. Let the network state ob-
served by the BS at the beginning of slot ¢ be S(t) :=
{hi(t), zi(t), Li(t), x;(t)}}L,. The one-slot Lyapunov drift is
defined as

A(S(1)) = — L(B)IS®)] (28)

By substituting the evolution of L,(t), z;(t), and h;(t)
from (1), (2) and (3), respectively, into the drift expression
in (28) and performing algebraic manipulations, we obtain an
upper bound on A(S(t)). The resulting bound is expressed
in (29)—(31), with detailed steps provided in Appendix F in
the technical report [23].

E[L(t+1)

N
AGBW) £ BO - Y pEOSOIGH @9
where
N 1
=3 il A0 <11V o )+ 5
,;1
+Z%']1L,-(f,)>1 (2 (2i(t) + Li(t)) — 1],
i=1 (30)

Ci(t) = Bilp,#)=r [2h:i(t) — 1]
+ Bill, =1 [h3 (1) — 2hi(t)zi(1)]
+7lz, (t)>1 [22:(t) + 2Li(t) — 1]
)+

+ L= (50 +2)° = (Li+ 17| + Vat (@),
(€29)
The values of B(t) and C;(t) can be easily calculated by any
admissible policy and thus can be used for making scheduling
decisions in real-time. The remaining update length L;(t)
appears in (29)—(31) due to the dependence on evolution of
z;(t) and h;(t) specified in (2) and (3).



Max-Weight policy. To minimize the upper bound (29), the
Max-Weight (MW) policy selects, in each slot ¢, the source
with highest value of C;(t), with ties being broken arbitrarily.
Intuitively, by minimizing the one-slot Lyapunov drift, the
Max-Weight policy will jointly minimize the waiting time and
service time, resulting in low EWSAoI.

Theorem 9 provides a constant factor optimality guarantee
for the MW policy. Before introducing Theorem 9, we define
the long-term throughput associated with the lower bound in
Theorem 3 (for details, please refer to the proof of Theorem 3)

ai Lip;
2
ZN OZJ L]'
j:1 2pj

Theorem 9. For a network with parameters {N, v, p;, L;},

q" = (32)

by choosing the constants 3; = (;L‘—;,’yi =7 BO‘\/E and §; =
qiLB — €, where ¢ — 0, the optimality ratio of Max-Weight
policy is such that
V&
=6 33
p t N I, (33)
where
N N 2
i [Livpi L
r= (Yo (3G R L
— — /Pi a i
= = (34)

Liypi L} L2
f“;”([])

Proof. First, we prove that if there exists a SRP s satisfying
pipi > @ for all 7, then the MW policy also satisfies
the throughput targets {g;}Y,. Next, we perform algebraic
manipulations to further bound the inequality in (29). We em-
phasize that, due to the dependency on L;(t), these algebraic
manipulations departed from the traditional Lyapunov drift
analysis commonly found in prior works including [9], [13],
[18]. Finally, by comparing MW with the Lower Bound, we
obtain (33). Detailed derivations are provided in Appendix G
in the technical report [23]. |

Remark 10. The first term in ¥ scales as O(N), while
the second term scales as O(N3) due to 1/q; being O(N).
Consequently, /WU scales as O(N?), matching the scaling of
NLpg. Hence, the optimality guarantee of the MW policy is
bounded by a constant, irrespective of the network size N.

Numerical results in Sec VI show that MW outperforms
both optimal SRP and optimal NSRP in every network config-
uration simulated. However, by comparing Theorems 9 and 5,
it might seem that the optimal SRP yields a better performance
than MW. This is because the analysis associated with MW is
significantly more challenging, leading to an optimality ratio
pMW that is looser than p°. To the best of our knowledge,
these are the first policies with a constant factor optimality
guarantee in terms of Aol for networks with different update
lengths and unreliable channels.

VI. SIMULATION RESULTS

In this section, we evaluate the performance of several
scheduling policies in terms of their EWSAol. Specifically,
we compare the following policies: the optimal SRP proposed
in Section IV-A. the optimal NSRP proposed in Section IV-B;

=0 = optimal SRP
optimal NSRP
Greedy Policy
\ 3- Max-Weight Policy for L=1
= Max-Weight Policy
| ower Bound

Expected Weighted Sum Aol

. .
0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Channel Reliabilities, p

Fig. 4: Simulation results for networks with varying channel reli-
abilities. The network comprises N = 10 sources equally divided
into Class 1 with ov; = 5 and L; = 2 and Class 2 with o¢; = 1 and
L; = 50. Channel reliabilities vary over p; € {0.2, 0.15, ..., 1}
for all sources.

=0 = optimal SRP
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Greedy Policy
1- Max-Weight Policy for L=1
= Max-Weight Policy
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Fig. 5: Simulation results for networks with varying update lengths.
The network comprises N = 10 sources equally divided into Class 1
with a; = 5, p; = 0.8, and L; = 2 and Class 2 with «; = 1 and
p; = 0.4. Update lengths for Class 2 are parameterized as [L* —
2, L* —1, L*, L* + 1, L* + 2] with L* € {15, 20, ..., 100}.

the Greedy policy in which the BS selects the source with the
highest h;(t) in each slot ¢; the Max-Weight policy for L = 1
(MWL1) proposed in [18] in which the BS selects the source
with highest value of |/a;p;h;(t) in each slot ¢; and the Max-
Weight policy proposed in Section V. Their performance is
benchmarked against the lower bound derived in Sec. III.
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Greedy Policy ==9¢ = Max-Weight Policy for L=1
= = Max-Weight Policy == Lower Bound
\ \ : : : \ : \ ]
2 4 6 8 10 12 14 16 18 20
Weights, a*

Fig. 6: Simulation results for networks with varying weights. The
network comprises N = 10 sources equally divided into Class 1
with variable priorities a;; € {2, 4, ..., 20} with fixed L = 2 and
p; = 0.8, and Class 2 sources have fixed parameters a; = 1, L; =
50, and p; = 0.4.

We consider two types of sources in our simulations:
Class 1 sources are characterized by high weight «; and small
update length L;; and Class 2 sources with low weight «; and
large update length L;.

In Figures 4, 5, and 6, we consider networks with N = 10



x10*

=0 = optimal SRP ~
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= Max-Weight Policy
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Fig. 7: Simulation results for networks with a varying num-
ber of sources. The network comprises N sources with N &
{10, 20, 30, 50, 70, 100}. For each source, the weight is drawn from
a; ~ U[1,10], the channel reliability from p; ~ U[0.5, 1], and each
source is equally likely to belong to Class 1 (with L; ~ U[2,5]) or
Class 2 (with L; ~ UJ[20,100]).

sources, equally divided into five Class 1 and five Class 2
sources. In Fig. 4, Class 1 sources are configured with a
priority o; = 5 and a fixed update length L, = 2, while
Class 2 sources have a; = 1 and L; = 50; in this setup,
the channel reliabilities for all sources vary over the set
p; € {0.2,0.15,...,1}. In Fig. 5, the parameters for Class 1
sources remain the same (o; = 5, p; = 0.8, L; = 2), and
for Class 2 sources, while the priority is fixed at o; = 1 and
the channel reliability at p; = 0.4, the update lengths vary as
[L*—2, L*—1, L*, L*+1, L*42] with L* taking values from
{15, 20, ..., 100}. In Fig. 6, Class 1 sources have variable
priorities o € {2, 4, ..., 20} with p;, = 0.8 and L; = 2,
while Class 2 sources have a; = 1, p; = 0.4, and L; = 50.

In Fig. 7, we simulate networks with the number of
sources N varying over {10, 20, 30,50, 70,100}. Moreover,
each source is equally likely to belong to either Class 1 or
Class 2. Class 1 sources have an update length L; ~ U|[2, 5],
while Class 2 sources have L, ~ UJ[20,100]. For each
source, the weight o; ~ U[1,10] and the channel reliability
p; ~ U[0.5,1].

Our results clearly demonstrate the superior performance
of the Max-Weight policy. Figures 4, 5, and 6 show that
the Max-Weight policy achieves near-optimal performance
across various scenarios. In particular, Max-Weight policy
consistently outperforms MWL especially in networks with
non-symmetric update lengths, we observe that EWSAol
improves by 57% in Fig 4, 30% in Fig 5, and 33% in Fig. 6
in average. Moreover, Fig. 7 indicates that the performance
of the Max-Weight policy remains robust as the network size
increases.

VII. CONCLUSION

In this paper, we considered a single-hop wireless network
with a number of nodes transmitting time-sensitive updates to
a Base Station over unreliable channels, where each updates
consists of multiple packets. We addressed the problem of
minimizing the Expected Weighted Sum Aol of the network
with large updates. Three low-complexity scheduling policies
were developed: optimal SRP, optimal NSRP, and Max-
Weight policy. The performance of each policy was evaluated
both analytically and through simulation. The Max-Weight
policy demonstrated the best performance in terms of Aol.
Interesting extensions include consideration of jointly de-
signing the sampling and scheduling algorithm, general non-

linear functions of Aol, fairness of Aol among the different
sources with different update sizes, and distributed scheduling
schemes.
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