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Abstract—In this paper, we propose an energy-efficient re-
source allocation strategy for wireless transmissions with latency
guarantees. We establish a queue with a dynamic threshold
structure at the transmitter to detect the occurrence of delay
violation events. An energy-efficient resource allocation strategy
based on Lyapunov optimization theory is proposed, which can
effectively reduce average power consumption while adhering
to latency constraints. Numerical results demonstrate that our
method outperforms comparative strategies in various scenarios,
effectively reducing average power consumption while ensuring
over 99.9999% probability of meeting latency limits.

Index Terms—Deterministic communications, energy-efficient
resource allocation, latency-constrained wireless transmissions.

I. INTRODUCTION

The rapid development of Internet of Things has led to
a significant proliferation of wireless terminal devices and
associated data demands [1]. Data transmission in time-
sensitive applications such as autonomous driving, industrial
control, and remote healthcare must adhere to strict latency
constraints with high reliability [2]. 5G and beyond mobile
networks are dediciated to providing deterministc communi-
cation services with end-to-end latency guarantees, attracting
widespread attention from both academia and industry [3]-[5].
Achieving ultra-high reliability (surpassing 99.999%) for end-
to-end latency assurance in wireless transmission systems is
challenging due to channel stochasticity and limited resources,
necessitating analysis and control of extreme events in delay
distribution tail. Simultaneously, there is a concerted effort
to advance energy-efficient communication, aiming to reduce
system power consumption while ensuring latency constraints
[6].

Regarding the existing literature, the vast majority considers
mean delay as a primary metric for assessing system perfor-
mance. In [7], researchers investigated the minimization of
mean delay in single-link data transmission under Markovian
arrivals. They modeled the sequential arrival data using a
queue with an infinite buffer, formulating the optimization
of mean delay under power constraints as a constrained
Markov decision process. A cross-layer transmission strategy
is proposed, integrating data arrivals, queue backlog, and
channel conditions, with its optimality validated using the
Lagrangian relaxation method. In [8], a framework utilizing
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parallel queues with finite buffers is employed to represent a
time-sensitive wireless communication system consisting of
a single server and multiple terminal devices. The authors
propose a cross-layer scheduling scheme based on mean-field
approximation theory to mitigate average data loss caused by
violation of mean delay constraints.

Mean delay only reflects the first-order statistical character-
istic, which is inadequate to fully characterize the entire delay
distribution. Data transmission strategies solely focus on mean
delay constraints are insufficient to control the occurrence of
delay violation events, thus failing to meet the strict latency
requirements of ultra-reliable and low-latency communication
applications [9]. Due to the stochastic nature of traffic arrivals
and channel conditions, ensuring deterministic delay bounds
often leads to high costs [10]. Therefore, constraining the delay
violation probability (DVP) has become a practical method to
providing performance assurance for wireless transmission. In
[11], a proficient inter-slice radio resource allocation scheme
for mobile networks is presented, leveraging the network
calculus model [12] to analyze system service latency and its
variations, while also offering an upper bound for DVP. The
latency performance bounds of the network calculus model
are conservative, as it considers extreme scenarios with low
occurrence probabilities, restricting full resource utilization.
In [13], the authors investigate point-to-point communication
systems equipped with automatic retransmission mechanisms.
They employ a reinforcement learning agent optimized with
proximal policy to dynamically control transmission power
and bit rate. The authors statistically analyze the frequency
of delay violation events and design penalty functions using
heuristic methods, without providing a theoretical basis for
latency guarantees. In [14], a transmission power allocation
strategy for single-link communication is designed based on
large deviation theory, featuring linear and higher decay ex-
ponent terms for DVP. Since their analysis is grounded on
deterministic traffic, the conclusions may not apply to service
scenarios with random data arrivals.

In this paper, we investigate resource allocation for wireless
transmissions with latency constraints. We introduce a first-in-
first-out queue at the transmitter and devise a dynamic thresh-
old to detect the occurrence of delay violation events based on
queue backlog. An energy-efficient resource allocation strategy
based on Lyapunov optimization theory is proposed, which can
effectively reduce average power consumption while adhering
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Fig. 1: System model.

to DVP constraints. Numerical results demonstrate that our
method outperforms comparison strategies by efficiently re-
ducing system energy consumption and consistently meeting
latency constraints with a probability exceeding 99.9999%.

II. SYSTEM MODEL AND PROBLEM FORMULATION
A. System Model

Consider a point-to-point wireless transmission system, as
depicted in Fig. 1, where the system controller dynamically
adjusts power for data transmission to the receiver through a
time-varying channel. We divide time into a series of discrete
slots, represented by ¢ € {0,1,2,- -}, with each slot lasting
for a duration of T seconds. The slot width T is sufficiently
short to treat the channel coefficient as a constant within each
slot. Let h(t) € C denote the channel coefficient in slot ¢,
which is assumed to be independent and identically distributed
(i.i.d.) over slots. We assume that the system controller can
accurately measure h(t) using channel estimation techniques.
According to Shannon’s formula, with transmission power
P(t), the amount of data transmitted in slot ¢ is determined
as follows:

b(t) = BT log,

1+ ()

BN,

P |h<t>|2] |

where B represents the bandwidth and Ny denotes the average
power spectral density of additive noise z(t).

Let a(t) denote the arrival data at slot ¢t. Without loss of
generality, we assume that the stochastic arrival process is
i.i.d. across all slots, with its mean denoted by A. Due to the
limited transmission rate, data arriving in each slot may not be
immediately transmitted, potentially leading to data congestion
within the system. The transmitter is equipped with sufficient
memory space to store data awaiting transmission, represented
by a queue with an infinite buffer operating on a first-in-first-
out service order. Let Q(¢t) denote the queue length at the
beginning of slot ¢. By the end of this slot, the queue length
will become:

Q(t) = max [Q(t) + a(t) — b(t),0]. 2)

For time-sensitive applications, transmission delay is con-
strained by Dy,.x, representing the maximum number of
slots that data is allowed to experience from entering the
system to completing its transmission. Any data unable to

0,()
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Fig. 2: Tllustration of queue backlog and delay limit.

meet this deadline will lose its utility and be discarded [13].
Assuming the transmitter and receiver are close enough to
neglect radio propagation time, we approximate transmission
delay as queuing delay. As shown in Fig. 2, all data that arrived
at slot ¢t — Do« must be fully transmitted by the end of slot ,
otherwise, it exceeds the delay limit. In such cases, we refer
to the occurrence as a delay violation event.

Let Q(t) = Zi:t_ Dy i1 @(7T) represent the total arrival
data volume from slot ¢ — Dy, + 1 to ¢. We can determine
whether transmission delay exceeds the limit by comparing
Q(t) and Qup(t). If Q(t) > Qun(t), a delay violation event
occurs in slot ¢. The system controller will discard data in the
buffer that exceeds its deadline. The queue length updates as
follows:

Q(t+1) = min [@(t), ch(t)} . 3)

B. Problem Formulation

We aim to develop a power allocation strategy, which
ensures that the probability of meeting latency constraint is
not lower than p;, € [0,1]. Let €5, = 1 — pgy, denote the
DVP constraint in the system. To ensure this constraint, the
following equation should hold:

t
1 ~
im —— <
it 3 5{1[an> aue} <
“4)
where I (-) represents the indicator function, which takes the

value of 1 when a delay violation event occurs.

Ensuring that the transmission rate is not lower than the
arrival rate is essential for queue stability [15], leading to the
following constraint:

1
Jim == D E[b(r)] > A )

=0

The system controller observes the arrival data quantity
a(t), queue backlog Q(t), and channel coefficient h(¢) at each
slot. It then makes a transmission power decision P(t) based
on established strategies. Our objective is to devise a power
allocation strategy that, while satisfying the DVP constraint
(4) and the transmission rate constraint (5), minimizes the
average power consumption over the long term. We formulate
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this online power decision problem as follows:
t

Jim —— Z E [P(r)],

min

P(t) t—oot+1
t
st. Cy: tlggloti maerlT:%: E{ { ) > Qen(T )]}
S €th,
t
i >
Cp: lim - EEU?(T)] Ay

C5:0< P(t) < Poax, Vi,
(6)

where Py .x is the maximum transmission power available at
the transmitter.

III. ENERGY-EFFICIENT RESOURCE ALLOCATION WITH
LATENCY GUARANTEE

We introduce two virtual queues Z(t) and H(t), corre-
sponding to constraints C; and C5 in (6), respectively. The
virtual queues update as follows:

Zt+1)= max{Z(t) +1I [é(t) > ch(t)] - Ethvo} )
H(t+1) =max[H(t) + X —b(t),0].

Here, Z(0) = H(0) = 0. According to Lyapunov optimization
theory, as long as Z(t) and H(t) satisfy tlim w
—00
E[H (t)]
t

(7

lim
t—oo . . .
the corresponding constraints C; and Cs in (6) can also be

met [16].

= 0, they are considered mean rate stable, and

Let ©(t) = [Z(t), H(t)]. We define the Lyapunov function
as follows:
1 1
Ll®®)] =520+ 5H@)*. (8)

We define the temporal difference of function (8) as the
Lyapunov drift, denoted by AL(t) = L[O(t + 1)] — L [©(¢)],
indicating the growth rate of the Lyapunov function. Given
that function (8) increases with Z(t) and H(t), minimizing
this drift at each slot ensures that function (8) remains stable
or grows slowly over the long term, thereby maintaining the
stability of virtual queues.

We define the following drift-plus-penalty structure, repre-
senting a trade-off between minimizing power consumption
and constraint violation:

HE[P®)|©(t — 1)] + AL(t). ©)
The parameter ;1 > 0 is denoted as the penalty factor. We
can derive an upger bound for the drift-plus-penalty structure
using max (z,0)” < z?
HE [P(0)|O(t — 1)] + AL(t) < C + uE[P(1)|©(t — 1)]
+ H)E[XA—b(t)|O(t —1)]
+ZE{1]Q) > Qu(t)] - el - 1)},
(10)

where C' is a constant satisfying:

C>= E[ ()|®(t—1)] +

SE{1[00) > Qu)] — ent@t -1}

Minimizing the upper bound of the drift-plus-penalty struc-
ture at each slot allows us to obtain a feasible solution for
the original problem (6) while ensuring the stability of virtual
queues and reducing power consumption [16]. We obtain the
transmission power at each slot by solving the following
subproblem:

Ilgl(lfl)l pwP(t) + H(t) [

vt. (11)

—b(®)]

+Z(t) {]1 [(g(t) > ch(t)] - eth} ,
st. 0< P(t) < Poax.

12)

Due to the presence of indicator function, problem (12) is
non-convex and exhibits discontinuities, making it challenging
to solve directly. To obtain its optimal solution, we consider
the following variant:

} 13)
9

where Py, ;1 and Py, belong to lh(t)‘z,—i—oo) with
Pipo > Pyq. Problem (13) is convex, with its optimal
solution derived analytically as follows:

in pP(t
win p (t)+

P(t) [h(t)]”

1
+ NoB

H(t) {/\ — BT log,

sit. P < P(t) < Pipo,

Nopln2 WPy 11In2
];tq}j};éf) NoB Z(t)l ? Tfh(zg)lz 41—2 B
t) pln M f,h,,l n
P*(t) = win2 Ih(?f)\z’ Tlnh(t)\2 + < H(t)
()_ < Nouln2+MPfh21H2
T|h(®)? BT o
NopIn 2 1% n
Py, 2, H(t) > T‘O;fb(t?p + =5
(14)
Let A(t) = Q) + a(t) — Qun(t) represent
the minimum data transmission volume required at
slot t to prevent a delay violation event. When
2
A(t) < 0 or A(f) > BTlog, |1+ LaglbOl],

Z(t) {]1 [@(t) > ch(t)] — eth} remains unchanged with
P(t) € [0, Pmax]- In such cases, the optimal solution to
subproblem (12) is also the optimal solution to problem (13).
We set Pyp1 = 0 and Py, 2 = Prax, substituting them into

(14) to obtain the optimal transmission power.

If0 < A(T) < BT log, [1+ Zagdh(Ol

} we first calculate
the minimum transmission power required to send all of A(¢):

A(t)

N()B |:2 BT — ].:|
pP=—— (15)
|h(t)]
If P(t) is not less than Py, A(t) will be fully transmitted
before its deadline. Thus, there will be no delay violation event
in slot ¢.
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Consider the following two policies: the first one avoids a
delay violation event by selecting the transmission power in
the interval [Py, Ppax], while the second one permits such an
event, choosing the transmission power in the interval [0, P;).
We denote the minimum values of the objective functions
of (12) and (13) obtained by the first policy as V; and V{,
respectively. For the second policy, they are denoted as V5
and V, respectively.

When H(t) > %‘J:(gl‘f + “’PélTnz, the optimal solution to
problem (13) lies within the interval [P, Ppax|, indicating
V] < V3. Given Vi = V] — e, Z(t) and Vo = Vy + (1 —
€n)Z(t), with e, € [0,1] and Z(¢) > 0, it follows that V; <
V5. Consequently, the optimal solution of the subproblem (12)
must reside within the interval [Py, Pax]. We set Py, 1 = P
and Py, 2 = Prax, substituting them into (14) to obtain the
optimal transmission power.

When H(t) < gf,f(g‘g + & fg;nz’ the optimal solution to
problem (13) lies within the interval [0, P;). We need to
compare V7 and Vs to make power allocation decisions. For the
first policy, we compute V) with transmission power P;. For
the second policy, we substitute Py, 1 = 0 and Py, o = P; into
(14) to obtain the transmission power P, then calculate V5.
If V1 < V5, the optimal transmission power is P;; otherwise,
it is Ps.

Algorithm 1 outlines the details of the resource allocation
strategy proposed by us.

IV. NUMERICAL RESULTS

We assume that the arrival data follows a Poisson distri-
bution and the channel experiences Rayleigh fading, with the
mean of |h(t)|* set to 1. The values of some parameters are
listed below: B = 150KHz, T' = 1ms, Ny = —30dBm/Hz,
and P, = 40dBm. We run all simulations over 100 million
slots.

Fig. 3 illustrates how the penalty factor p controls the
trade-off between constraint violation and power conservation.
We set A = 100, Dpax = 10, and p;p, = 99.9999%,
performing equilogarithmically spaced sampling to obtain 15
penalty factor values between 1.2 x 10° and 2 x 10°. It is
observed that the frequency of delay violation events increases
with p, while average power consumption decreases. We
substitute frequency for probability to estimate the probability
mass function of delay. Fig. 4 illustrates the probability mass
functions corresponding to different penalty factor settings,
demonstrating that smaller ;4 are advantageous in attenuating
the tail of the delay distribution, thereby reducing DVP. This
observation remains consistent across various scenarios with
different arrival rates and constraints. As the proportion of
power consumption in the objective function of (12) increases
with p, our strategy prioritizes the reduction of transmission
power. Some data cannot be transmitted before the deadline,
consequently leading to an increase in DVP. During system
deployment, the penalty factor can be dynamically adjusted
by monitoring the frequency of delay violations over time.
We can employ binary search to find the optimal penalty factor
that precisely satisfies the DVP constraint while minimizing

Algorithm 1: Energy-Efficient Resource Allocation
Strategy with Latency Guarantee

Input: Given arrival rate A, delay constraint Dy,
and DVP constraint €;,. Set penalty factor p
and maximum iterations 7, ax-

1 Q(0) + 0,Z(0) «+ 0,H(0) + 0,t < 0;

2 while t < T}, do

3 Qin(t) th=t—Dmax+1 a(7);

4 | A() « Q) +alt) — Qunl(t):

s | if A(t) <0 or A(t) > BT log, [1 + %] then
6 Pth71 — 07 Pth72 — Pmax;

7 Obtain transmission power P*(t) by (14);

8

9

end
else
10 Obtain transmission power P; by (15);
11 H, + gmf;li + %;
12 if H(t) > H; then
13 Pipjy < Pi, Pipo < Poaxs
14 Obtain transmission power P*(¢) by (14);
15 end
16 else
17 Pip1 <0, Py o < Pr;
18 Obtain transmission power P, by (14);
19 Calculate objective function values V; and

V5 corresponding to transmission power
P, and P; by (12);

20 if V; <V, then

2 | P*(t) « Pr;

22 end

23 else

24 | P(t) « Py

25 end

26 end

27 end

28 Calculate data transmission volume b(t) with

transmission power P*(¢) by (1);

29 Update all queues Q(t), Z(t), H(t) by (3) and (7);
30 tt+1;

31 end

average power consumption, as indicated by p* in Fig. 3. In
the remaining simulations of this section, the penalty factors
have all been optimized using binary search.

We compare our method with three other resource alloca-
tion strategies: even load, resource redundancy, and effective
capacity. Referring to Policy 1 as outlined in [17], the even
load strategy evenly distributes data transmission tasks across
all slots leading up to their respective deadlines. If the power
required to transmit the expected amount of data exceeds the
maximum power of the transmitter, the data is transmitted
at Ppax. In [15], traffic intensity is defined as p = %,
where b denotes the average transmission rate. The resource
redundancy strategy employs a fixed transmission power P to
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tion with different penalty factor settings.
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ensure p < 1. Here, we set p = 0.9 and numerically solve for
the required constant transmission power. Effective capacity
is derived from large deviation theory, which can provide
statistical performance guarantee through static transmission
strategy. In [18], an upper bound of DVP is provided for
fixed transmission power based on effective capacity theory.
The effective capacity strategy sets 6 = —)\I"D—::x and utilizes
equation (13) from [18] to determine the necessary constant
transmit power.

Fig. 5 and 6 show the average power consumption and delay
violation frequency of various strategies under different arrival
rates, respectively. We set the delay limit at Dy,,x = 10. Com-
pared to the even load and resource redundancy strategies, the
effective capacity strategy and our method consistently ensure
compliance with the DVP constraint, achieving on-time data
delivery with a probability exceeding pir, = 99.9999%. This
indicates that methods focusing on analyzing and constraining
the delay distribution and its tail outperform strategies that
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solely focus on mean delay and provide redundant resources.
In addition, our method demonstrates lower average power
consumption compared to the effective capacity strategy. The
simulation results confirm that our strategy can achieve data
transmission with relatively low system power consumption
while still meeting the DVP constraint, even under conditions
of densely arriving data.

Fig. 7 and 8 depict the average power consumption and
delay violation frequency of all strategies with different delay
limits, respectively. We set the arrival rate at A = 100. For
our method, it is evident that with increasing Dy, .y, there is
a decrease in average power consumption. This is attributed
to the relaxation of the latency constraints, which enables our
method to distribute data transmission tasks across different
slots. Consequently, more data can be transmitted at lower
power, particularly when the channel quality is favorable.
Compared to other strategies, our method consistently achieves
minimum average power consumption while meeting the DVP
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constraints, thus confirming its effectiveness and robustness.

V. CONCLUSION

In this paper, we present an energy-efficient resource allo-
cation strategy for latency-constrained wireless transmissions.
We establish a queue with a dynamic threshold structure at the
transmitter, evaluating the occurrence of delay violation events
by checking whether the queue backlog exceeds the limit. Two
virtual queues are introduced, with their stability maintained
to ensure the satisfaction of corresponding constraints. We
define the Lyapunov function and its drift, making trans-
mission power decisions by minimizing the upper bound of

the drift-plus-penalty structure at each slot. Simulation results
across various scenarios indicate that our approach outper-
forms comparative strategies, achieving energy-efficient data
transmission while ensuring a probability exceeding 99.9999%
of meeting latency constraints. Our method offers insights for
guiding resource allocation in practical wireless transmission
systems.
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