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Abstract—We address a joint trajectory planning, user as-
sociation, resource allocation, and power control problem to
maximize proportional fairness in the aerial IoT network,
considering practical end-to-end quality-of-service (QoS) and
communication schedules. Though the problem is rather an-
cient, apart from the fact that the previous approaches have
never considered user- and time-specific QoS, we point out
a prevalent mistake in coordinate optimization approaches
adopted by the majority of the literature. Coordinate optimiza-
tion approaches, which repetitively optimize radio resources for
a fixed trajectory and vice versa, generally converge to local
optima when all variables are differentiable. However, these
methods often stagnate at a non-stationary point, significantly
degrading the network utility in mixed-integer problems such
as joint trajectory and radio resource optimization. We detour
this problem by converting the formulated problem into the
Markov decision process (MDP). Exploiting the beneficial char-
acteristics of the MDP, we design a non-iterative framework
that cooperatively optimizes trajectory and radio resources
without initial trajectory choice. The proposed framework can
incorporate various trajectory planning algorithms such as
the genetic algorithm, tree search, and reinforcement learning.
Extensive comparisons with diverse baselines verify that the
proposed framework significantly outperforms the state-of-the-
art method, nearly achieving the global optimum. Our imple-
mentation code is available at https://github.com/hslyu/dbspf.

Index Terms—Trajectory-planning, user association, resource
allocation, power control, quality-of-service, Markov decision
process.

I. INTRODUCTION

Aerial networks have been considered a key enabler of
the sixth-generation (6G) wireless communication. ITU-R’s
suggestion of the key 6G usage scenarios highlights the
role of aerial networks in achieving massive communications
and ubiquitous connectivity [1]. This entails utilizing aerial
vehicles for on-demand services and extensive coverage [2].

These use cases of aerial networks align closely with
current research focus on internet-of-things (IoT) networks,
as documented in the 3GPP white papers [3], [4]. One of
the most critical agendas for realizing aerial IoT networks
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Fig. 1. An illustrative failure scenario in coordinate optimization. Stages
0-2 demonstrate how coordinate optimization approaches converge to the
non-stationary point. Once the initial ¢ is chosen (Stage 0), the following
a is accordingly determined (Stage 1). Then, the next iteration fails to find
the optimal g (Stage 2). Meanwhile, our approach adopts a hierarchical
optimization that sweeps the entire variable space.
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involves communication scheduling to compensate for the
constrained memory and energy capacity [5], [6].

There is a lack of research concerning practical end-to-
end requirements, including service scheduling and quality-
of-service (QoS) requirements despite the proliferation of
research on aerial networks. This is mainly because optimiz-
ing aerial networks becomes significantly intractable when
such practical requirements are considered. Communication
scheduling entangles positional variables and physical-layer
variables, such as user association (UA); frequency resource
allocation (RA); and power control (PC) variables, along with
multiple time steps.

Most research detours the variable entanglement by adopt-
ing coordinate optimization approaches which reciprocally
optimize TP variables for fixed radio resource variables and
vice versa [7]. In the optimization-theoric viewpoint, these
approaches are well-known to converge to local optima in
differentiable problems, but may halt at the non-stationary
point! when optimizing mixed-integer problems, even if the
objective is convex [8].

A point is stationary if changes in any direction make utility degradation
(e.g. local maxima). A point is non-stationary if the point is not stationary.
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We have found an interesting, but catastrophic interaction
between trajectory-planning (TP) and radio resource man-
agement (RRM), characterized by “non-optimal initialization
can trap the network variables in the non-stationary point.”
Figure 1 illustrates the curse of initialization that could de-
teriorate the network utility unless the initial variable choice
is optimal, which is rarely the case. The discovery suggests
that a surprising number of research works may inadvertently
optimize the utility of aerial networks in a possibly incorrect
manner [9]-[24].

We ask ourselves “How can we optimize aerial networks
while avoiding the curse of initialization?” and find the
answer in the non-iterative approach. As in Fig. 1, we first
convert radio resources as a function of trajectory. Then,
we find the optimal trajectory by integer programming?.
The optimal RRM is, in turn, determined by the trajectory,
resulting in the optimal solution.

TABLE I
SUMMARY OF THE RELATED WORKS

Ref.* 3D Traj.* UA RA PC QoS Fairness TCN*
[25] v v v
[26], [27] v v
[28], [29] v
[12] v v
[13] v
[14], [30] v v v
[31] v v v
[32] v
[33] v v v
[10], [11] v v v v v v
Ours v v v v v v v

* Ref.: Reference, Traj.: Trajectory, TCN: Time-critical networks.

While addressing the aforementioned research question,
we additionally solve an open problem for the aerial IoT
network. As highlighted in Table I, there is a lack of research
that studies proportional fairness (PF) maximization with
practical end-to-end requirements. Thus, we consider a joint
TP; UA, RA, and PC problem for a single UAV base station
(UAV-BS) network where IoT devices punctually request
a downlink stream above a certain QoS rate. Appendix A
provides an in-depth explanation of why the network scenario
is considered, referring to adjacent research works.

We hierarchically optimize the PF maximization problem
by subordinating the RRM to the TP. Then, we can formulate
the proposed problem as a Markov decision process (MDP)
where various decision-making schemes can be applied. For
the RRM, we employ the Lagrangian method with Karush-
Kuhn-Tucker (KKT) conditions, offering a low-complexity
algorithm to accelerate the TP optimization.

2We assume a discretized trajectory for the non-convex, non-differentiable
problem. For a continuously differentiable trajectory, convex relaxations and
optimizations can be applied.
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Fig. 2. Motivated illustration of our contribution. Graphs (a) and (b)
represent iterative optimization (GA-ITER), and graph (c) represents the
proposed method (GA-TP). The two methods share the same environment
configurations and algorithms except for the optimization order. While
GA-ITER optimizes radio resources for a given initial trajectory, GA-TP
adaptively optimizes radio resources according to the changing trajectory.
Note that the initial trajectory in (a) restricts the updated trajectory in (b),
resulting in a large difference between the result trajectories in (b) and (c).
Detail descriptions are provided in the Sec. V.

The salient contributions of the paper can be summarized
as follows.

¢ Resolve the curse of initialization: This research is,
to the authors’ knowledge, the first to highlight that
iterative optimization might be inherently unhelpful in
aerial networks. We address the problem through the
MDP reformulation, which provides a straightforward,
powerful non-iterative framework by separately optimiz-
ing TP and RRM problems. Figure 2 briefly compares
the result of the iterative optimization and the proposed
method. In Sec. V, we show that the proposed method
outperforms various comparison schemes and validate
the robustness of the proposed method.

o Propose a novel temporal decoupling method: We
suggest a novel method to separate the PF problem into
unit-time sub-problems. The PF entangles all control-
lable variables in the logarithm over the entire time
steps. Then, applying well-known RRM techniques,
specialized to optimize unit-time network snapshots,
becomes challenging. We devise multiple mathematical
tricks to convert the logarithm of sum-rate (PF formu-
lation) into a summation of logarithms. Standing on the
temporal decoupling, we show that the proposed RRM
scheme tightly achieves the global optimum.

o Introduce a generalized water-filling algorithm: We
redesign the water-filling algorithm that can be applied
to practical scenarios where QoS requirements exist. The
conventional water-filling algorithm cannot find the UA
and RA solution. The proposed algorithm automatically
finds the optimal UA and RA combination when both
the minimum resource requirements and resource budget
co-exist. Numerical experiments show that the proposed
method achieves the global maximum found by the
genetic algorithm with the complexity of O(I?) for I
users.

The remainder of the paper is organized as follows. Section
II introduces the system model of the IoT networks served



by a UAV-BS and its mathematical representations. Section
II-A formulates the PF maximization problem for TP, UA,
RA, and PC, and Sec. III-B decomposes the problem into
the TP and RRM problems. Section IV presents in-depth
explanations for the TP and RRM optimization. Section
V provides numerical evaluations of the proposed method.
Section VI concludes the paper.

II. SYSTEM MODEL
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Fig. 3. Illustration of the system model at time ¢t = 20. The dark gray
marks represent users whose request periods have already expired. The green
marks with dashed links represent users getting serviced at the current time.
The orange marks represent users whose request periods do not expire, but
that are not currently being served. Users who have not expired may not
be served if their request period does not start. The UAV-BS selects service
users by jointly optimizing TP, UA, RA, and PC.

A. Scenario Description

We consider an IoT network where a single UAV-BS serves
I ToT devices for T service time slots, as illustrated in Fig. 3.
In the network, the UAV-BS selectively provides downlink
service to users due to the limitations in the available
bandwidth B and power P. Each user has a downlink request
period and QoS rate to satisfy its service requirements. The
users are indexed by the index set Z = {1,...,I}.

We assume that the flight map and service timeline are
discretized. The time slots are indexed by 7 = {1,...,T},
each of which has the duration of AT (s). The UAV-BS
covers a square-shaped ground area with the size of wxw m?,
and the flight map is represented by a set Q of three-
dimensional grids discretized by an interval AQ (m) as
follows:

Q = {AQi, j, k] [[i, 5, k)T € N3, hpnin < kAQ < T,
0 <iAQ <w,0 <jAQ < w}, (1)

where hpin and hpg.x are the minimum and maximum
altitude of the UAV-BS, respectively.

When the ¢-th time slot begins, the UAV-BS must be
located on a certain grid point of the flight map. We denote
q") as the position of the UAV-BS at the beginning of the
t-th time slot, where q(t) is defined as

q¥ = 70,40, KO € 0 @

The initial position of the UAV-BS is denoted as q(*). The
UAV-BS cannot exceed its maximum velocity v. In other
words, the position vector q(*) is constrained by

la® —q* V|2 <vAT, Vte T, 3)

Combining (2) and (3), all possible positions q(t) at time
slot ¢ are determined by the set S(q*~ V) = {q € Q| ||lq —
q“" V| < vATY as follows:

q" € 5(q1). @

Users are stationary during the total service time. The i-th
user is located at q; = [z;,v;,0]T. To prolong the device
lifetime, each user requests a downlink service only if the
current flight time slot ¢ is within the short-term period®
[si,si + T;). We define a binary indicator dgt) to specify
user indices requesting services at time slot ¢ as follows:

d(t)_ 1, ifs; <t<s;+T; )
L 0, otherwise.

For each time slot ¢, the UAV-BS determines a set of users to
provide downlinks. Accordingly, we define the UA variables
as

o, " =

(6)

@) _ J 1, if the UAV-BS serves user 7 at time slot ¢
0, otherwise.

We denote Bi(t) as the amount of frequency resources that
the UAV-BS allocates to the i-th user at time slot ¢. The
summation of the allocated bandwidth proportions must not
exceed the available bandwidth B, so we have the following
constraint:
> BY<B vteT, (7)

i€ A1)

where A®) = {i € T|o!") = 1} denotes the set of associated
users at time slot ¢.

The UAV-BS regulates its transmission power by adjusting
the power spectral density (PSD). The variable pl(-t) is defined
as the assigned PSD to the i-th user at time slot ¢. Denoting
the maximum transmission power at each time slot as P, the
transmission power is constrained as follows:

S s <P vteT. (8)

i€ A(t)

B. Pathloss and Data Rate Model

The propagation channel of the i-th user follows a proba-
bilistic LoS channel [34]. The probability that the ¢-th user
has an LoS wireless link is defined as

P — (1 +a-exp (— b6 — a)))il’ ©)

31f [s4,T;) = [0,T) for i € Z, the proposed problem has a similar
formulation with the problem in [11] except for the objective function.
However, the difference in the objective function causes a significant
performance gap, which is shown in Sec. V.



where th) = M) is the elevation angle
between the UAV-BS and the i-th user at time slot t.
Variables a and b in (9) are environmental parameters that
are determined according to the environmental characteristics
[34], [35]. For example, possible pairs of (a,b) could be
(4.76, 0.37) for a rural environment; and (9.64, 0.06) for a
dense urban environment. We remark that the i-th user has
an NLoS link at time slot ¢ with a probability of 1 — Pi(t)

The average pathloss for the ¢-th user at time slot ¢ is
defined as

arcsin (

€9 = PL(A@Y, ai) + P os + (1 — P )inios,  (10)
where pathloss PL(q*), q;) = 20log (47f [|q¥) — q;|2/c);
f is the carrier frequency; c is the speed of light; constant
NLos and Ny 1.5 are the expected value of excessive pathloss
for the LoS and NLoS links [34], [36]. The first term of (10)
is the free-space pathloss and the sum of the remaining terms
represents expected excessive pathloss [34].
The data rate of the ¢-th user at time slot ¢ is defined as

(1) 10-£M /10

(10-&

RY = 489 1og, (1 + '01O> Can
Ny

where constant Ny denotes additive white Gaussian noise
PSD.

To ensure the served users’ QoS requirements, the UAV-
BS should serve user ¢ with a link that has a data rate higher
than r; if the i-th user receives downlink data at time slot ¢.
Therefore, we have

RY > aDp;. (12)

g

We define R; as the sum-rate of the i-th user across the
UAV-BS service timeline, denoted as

R =Y R".

teT

(13)

Then, the PF of the served users is written by >, 5 log R;.
We aim to maximize the PF that specializes in prioritized
service scheduling. PF accounts for both the total network
throughput and the number of served users as the loga-
rithm operation prevents the network throughput from being
concentrated on a few number of users. However, sum-rate
maximization prioritizes a user with the greatest spectral
efficiency, not considering the fairness of service. Then the
number of served users inevitably decreases when we target
to maximize the sum-rate.

III. PROBLEM FORMULATION

A. Original Full-Time Problem

By gathering the previously defined constraints, the joint
problem of TP, UA, RA, and PC is formulated to maximize

the PF as
P1 . le,aép Z log R; (14a)
€A

st. g e S(qtY), (14b)
B >0,vieT, (14c)
> A <B, (14d)

i€A®)
Pt >0,vi e, (14e)
S A8 <P, (140)

icA®)
RY > oy, vie 1, (14g)

vVt € T for (14b)-(14g).

For brevity of the notations, we define augmented vectors

and matrices* of variables as follows: Q = [q(t)}tET,
B = BT and P = [p]IET. Also, A = {J,or A®)

represents a set of users that have been served at least once
during the UAV-BS service timeline.

Constraints (14b) to (14g) are described as follows:
(14b) correspond to (4); (14c) and (14e) represent the non-
negativity of the allocated bandwidth and PSD, respectively;
(14d), (14f), and (14g) are equivalent with (7), (8), and (12),
respectively.

Problem P1 is a non-convex mixed-integer problem that is
generally known to be NP-hard [37], because the association
variables agt),w,t are binary integers, and since the objec-
tive function is non-convex with respect to the position vector
q). Then, solving the problem within a feasible complexity
becomes challenging if numerous time slots are involved in
Problem P1 because all the variables are coupled over the
entire service timeline 7. Therefore, we decompose Problem
P1 into T" sub-problems. Each sub-problem has a Markov (or
memoryless) property [38], making themselves independent
of each other.

B. On the Separation of Control and RRM

We first decompose Problem P1 into sub-problems where
each sub-problem corresponds to a single time slot. All
controllable variables across time slots ¢ € 7 are closely
coupled in the objective function of Problem P1. However,
we can separate the variables and constraints related to
the position from those related to the radio resources once
Problem P1 is temporally decomposed.

The key idea of the separation is converting summation
into multiplication. For example, £7*_;¢ is equivalent with

n

Z, 1 1+2 14243
1=1- . .
1 142

1+ +n
I+ +n—1

15)

i=1

Using the trick, we convert log R; = log (>,c+ Rgt)) into
logR; = Y ,cqlog (1 + Rgt)/zz;ll ng)). Then, we can

4“We define a vector-building operator [e(t>]t€T to represent
[eM, e . eM]T  Then we define a matrix-building operator

[ef1iET as [[ed”1° €T (e 1ET o ef ST,



define a lower-bound of Problem P1 which consists of T’
sub-problems.

Proposition 1 (Lower bound of Problem P1). The following
inequality holds:

max Z log R;

777

R®

= max Jnax Z Z log <1 + 1’ )
—o R

R®

R

0

(16)

(17)
ABP teT i€A

>
gy, Y log( S

icAt)

where R( ) =1 foralli eI AW = {i € I|a(t) 1},

B =[5 )Lez, and PO = [p E”]H.

Proof: The proof is shown in Appendix B. ]

From Proposition 1, we relax Problem P1 to maximize

the lower bound of the problem; that is, Eq. (18) can be
re-written as

T
P2 . <’>es (f », Zl (19)
where
® R(t)
1 14+ % 20
f(q ) A(,) B(f) P(t) Ze;f) Og ZZ IOR( ( a)
s.t.  (l4c) — (14g). (20b)

Here, Problem P2 only involves with the positional variable
q® and Eq. (20) associates with the radio resource variables
A® B® and PO, We remark that computing f(g®)
requires R( ) for k = t — 1. Thus, f(q®) need to
be sequentlally computed f ( ) fromt=1tot="T.

The computing process can be considered a Markov deci-
sion process (MDP) in that sequential actions q(V, ..., q(™)
determine a reward as >, f(q®). Once the optimal RRM
scheme f(q®) is given, the control problem P2 can be
considered as finding the best solution of the MDP, as
depicted in Fig. 4.
t+1)

q'

F@®D) Fla®) Flat)

Fig. 4. Illustration of the objective in problem P2 in the viewpoint of
MBDP. For each time slot ¢, state is given as all variables before ¢; action is
q®; and reward is f(q(®).

IV. OPTIMIZATION OF RRM AND CONTROL

The MDP reward f(q®)) is ideally designed if we can
find the optimal UA, RA, and PC. Through the optimization-
theoric approach, we develop a fast and accurate RRM
that makes various decision-making schemes affordable in
terms of the computing resource budget. Then, the global
optimum of Problem P2 can be obtained by finding the

optimal trajectory qV), ..., q™). We aim to find the solution
of Problem P2 by applying various decision-making schemes
to find the optimal trajectory.

A. Finding the Optimal Radio Resource Management

We first optimize the integer variable A(*) by suggesting a
generalized water-filling algorithm that can jointly optimize
A® and B® . Then, the RA and PC variables, B(!) and P(®),
are iteratively optimized by using the Lagrangian method and
the KKT conditions.

1) Initial User Association: To determine optimal A(*),
we first assume that the PSD variables pgt) are equally
assigned as p(.t) = P/B for all i € Z. Then the problem

?

(20) in f(q) can be simplified as

R®
A(Ig)l?i_j)‘((t) Zlog (1 + Z R(k)> (21a)
s.t. ﬂf” > alr; /e i, 21b)
> B <, 2le)
i€ A
(H10-¢" /10

where ¢!”) = log, (1 4 f—x—) is the spectral effi-
ciency of the 1-th user at time slot £. This can be considered as
a water-filling problem with non-zero resource requirements
(t) ri/ e(t) Therefore, the optimal B®) is also provided as
a Water—ﬁlhng solution.
We can obtain the optimal B®) by using the KKT condi-
tions. For a given A® that does not violate constraint (21b)
and (21c), the optimal Bi(t) is

ri o _1 1 e (1) 4(t) _
max( GEBXCRE W) Jif o ’dy” =1,

BZ.(t) — e w! (22)
0 , otherwise,

where A() can be uniquely determined to satisfy the

constraint (21c) with equality condition® and 1 /wit) =

2_:10 ng) / egt). Physically, the solution implies that the
UAV-BS allocates a little frequency resource to the user who
has a high total received data and low spectral efficiency. The
derivation of (22) is provided in Appendix C. Figure 5 depicts
our intuition on the lower-bounded water-filling solution.

Now, the objective (21a) can be maximized by finding the
optimal A(*) as the optimal B(*) can be obtained for arbitrary
A®, We adopt an incremental algorithm that finds a local-
optimal solution (Alg. 1). The key idea of the algorithm is
to sequentially find a better UA combination than the current
UA combination Aéuzrem

Let A bea UA set and AY

current
user i ¢ Acmem, denoted as

A(t) = Ac(:urrent U { }

current+¢

cumrent4¢ CoNtains one more

(23)

ALY satisfies constraint (21b) and (21c), A, )

current+1 current+1
could be a maximizer of Problem (21). Two constraints (21b)

5We use the bisection method to find the solution for .
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Fig. 5. Visualization of the water-filling solution ,6’1@ in (22) for 7 users.
(a) The dashed line implies the Water level. (b) The blue column indicates
the minimum RA requirement 7;/e; elt . (c) The grey column represents the
given ground heights l/w(t) = Zt L R(k)/e(t) which implies that the
UAV-BS allocates a low bandwidth proportlon to a user if the user has a
high total received data and low spectral efficiency.

Algorithm 1: User Association Algorithm

Input ), P®
Output A, B®
Al {1
while A(fl)rrent 7é Anext do
Ifeamble — {Z € I' Z A(t) ri/e(t) < B}

6: Al + < The best UA set among Al

nex curren

()

o B w2

;. and
(AS Ifea51ble~

current4i’
7: end
t t)
s AW — AN

9: Compute B® for A(®) by using (22).

and (21c) can be simplified, so we can define a set of feasible
additive users as

rz/el(»t) < B}.

Ifea%lble - {Z S I‘E (24)

EA“)

current+%

Then, we can define a new set A,E?xt that makes the

objective (21a) be the greatest among the set Aéfmm and

A® for i € Trasipe. If ALY 2

current+-% next is equal to Acurrent’ set
A,(lez(t is a solution. Otherwise, Aﬁﬁlrem is updated to A,(lelt and
the above procedure is repeated until finding the solution.

By iteratively updating the UA set from the empty set
Agfmm = {}, the proposed algorithm can find the local-
optimal UA and RA variables.

2) Resource Allocation and Power Control: The optimal
B® and P® for the given A is optimized by iteratively
optimizing the following two problems.

Once the initial A® and B® is determined by Alg. 1,
P®) can be accordingly determined by solving

max log |1+ - (25a)
P®) o Z - R( t—1 pk)
s.t (14f),(14e), and (14g). (25b)

Algorithm 2: Radio Resource Management f(-)

Input q*)
Output f(q®), AW, B®), P(t)
Initialize f <— 0 fprev + 00, ,0
Function f(q(*)):
Update A) and B®) by using Alg. 1.
while || f — forev|| > € do
Update B by using Alg. 3.
Update P(*) by using (61).

fprev — f’ f — ZiEA(t) log <1+

=P/BVicl

b4

R(t)
Et 1 R(k)

10: end
11: return f

Similarly, fixing A® and P®) gives

(t)
R,
Z log (1 + T~ )
NG, Yizo R
s.t. (14c), (14d), (14g), and (14f).

2
B(®) (262)

(26b)

Using the convexity of these two problems,

The Lagrangian dual method and KKT conditions are
applied to minimize the computing time, and we find an
O(I?) algorithm (Alg. 3 in Appendix D) and closed-form
solution (Eq. (61) in Appendix E) for Problem (25) and
(26), respectively. Appendices D and E describe in-depth
optimization processes.

3) Overall RRM Algorithm: Combining the UA, RA, and
PC schemes altogether, the RRM scheme to compute f(q*))
can be summarized as Alg. 2. We first initialize the PC
variables as p{”” = P/B for all i € Z. Then, in Line 5,
we obtain initial UA and RA variables for given P(*) by
Alg. 1. After the UA variables are initialized, the RA and
PC variables are iteratively optimized in Lines 6 to 9, until
the objective function converges. Figure 6a visualizes these
processes as algorithm flowcharts.

4) Computational Complexity: The complexity of Alg. 2
can be computed by adding the complexity of Alg. 1 and the
complexity of the iteration in Alg. 2.

The complexity of Alg. 1 is O(I?) as the maximum
number of comparisons (Line 6 in Alg. 1) is w The
RA scheme in Alg 3 utilizes gradient descent with the
complexity of O(£) and the closed-form solution (61) takes
O(1). Then, the complexity of the Alg. 2 is O(%; ) since the
iterations from Line 6 to Line 9 in Alg. 2 takes o).

B. Decision-Making Algorithms for Trajectory-Planning

A consecutive update of gV, ..., q(™) provides a solution
of the reformulated lower-bound problem P2 , as function
f(a®) now can be obtained by Alg. 2. The lower-bounded
problem is considered a Markov decision process as illus-
trated in Fig. 4, where various optimization strategies exist.

We adopt a genetic algorithm (GA), limited depth-first
search (DFS), and deep g-learning (DQN) as the main
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State, reward, and action for DQN.

strategies. A detailed algorithm design, characteristics, and
summary of pros and cons can be arranged as follows:

o GA-TP [39] (Naive upper-bound): A canonical GA
with elitism can find the global optimum after a suffi-
cient number of generations and populations [39]. The
gene is defined as a trajectory Q = [q®]*¢7; and
the fitness is defined as Y ,. f(q'?)). The genetic
algorithm is configured as 10,000 generations, 10 elite
counts, 50 populations, and 10% mutation probability.
Figure 6b demonstrates the overall algorithm flows. In
the elite selection, the fitness is computed for each gene.

o DFS [40]: DFS targets to find the best sub-trajectory
qW, ..., g™ by the depth-first search and repeats the
computation until DFS covers the entire time slots. As
illustrated in Fig. 6¢, DFS considers all possible actions
as a tree and finds the best sub-trajectory. Then, DFS
can find the global optimal solution when ¢ = 0 and
n = T. However, the practical depth n is limited due to
the limitations in the memory size and computing time
[40]. We set the search depth n as {1,3,5}.

o DQN [41]: DQN is a well-known algorithm that can op-
timize a discrete MDP. To determine q(*), we configured
the state as a concatenation of q(*~1), [Qiliez, [Silicz
[T3)iczs | 2;11 Rz(k)]ieI; action space as S(q(*~1); and
reward 7(-) as r(q¥)) = f(q®). Fig. 6¢c visualizes
states, rewards, and actions of DQN. Implementation
details are provided in the Appendix F.

The complexity of the three TP schemes combined with
the RRM scheme is computed by multiplying the complexity
of the TP scheme and Alg. 2. When m generations and n
populations are given, the complexity of GA is O(mnI ).
For DFS, if the maximum number of reachable grid points m
with search depth n is deﬁned as m = maxqeo |5(q)|, the
complex1ty of DFS is O(mni; = ) The complexity of DQN is

(’)(i =) as the feed-forward of the network takes O(1).

V. SIMULATION RESULTS

In various performance metrics, we compare the proposed
schemes with the other PF-maximizing schemes. We first

TABLE 1T
PARAMETER CONFIGURATIONS

Parameter Value
Map width w (m) 600
Minimum altitude hj, (m) 50
Maximum altitude hmax (m) 200
Unit length of the grid map AQ (m) 40
Number of users [ 10 to 80
Number of time slots 7' 20
Unit length of the time slot AT (s) 3
Vehicle velocity v (m/s) 15
Carrier frequency (GHz) 2
Bandwidth B (MHz) {2, 5, 10}
Transmission power P (dBm) 23
Noise spectral density (dBm/Hz) -173.8
Data rate constraint r;,Vi € Z (Mbps) 0to 10
Environmental parameter a 9.64
Environmental parameter b 0.06
Excessive LoS pathloss 7,5 (dB) 1
Excessive NLoS pathloss 7nos (dB) 40
Rician K-factor 12

show that the proposed RRM converges to the global op-
timum of Problem (20), then evaluate three control schemes
(GA, DFS, and DQN). Simulation parameters are chosen
from existing works [36], [42], and 3GPP specifications [43],
which are listed in Table II.

In the experiments, the length of the request period
T;, Vi € T and the initial request time s;, Vi € Z,
follow the discrete uniform distributions, /[4, 8] and 1[0, T,
respectively.

We have developed a TP simulator that implements the
proposed method and several comparison schemes. The sim-
ulations are implemented under Python 3.9 on AMD Ryzen"™
9 5950X processor.

To evaluate the performance of the RRM scheme Alg. 2,
we additionally implement a genetic RRM (GA-RRM) and
maximum SINR scheme (MAX SINR) that provide a solution
A® B® and P® in Problem (20).

e GA-RRM [39] (Naive upper-bound): The gene is

defined as a concatenation of A(Y), B® and P(*); and
the fitness is f(q(¥)). The GA-RRM is configured as



10,000 generations, 10 elite counts, 100 populations, and
10% mutation probability.

e MAX SINR [44], [45]: For the UA scheme, a user
with the greatest SINR is associated with the UAV-
BS to maximize the throughput. This UA scheme is
prevalent in the sum-rate maximization problems [44],
[45], providing a benchmark of the heuristic UA scheme.
RA and PC schemes are the same as those of Alg. 2.

Then, we evaluate the proposed TP schemes in Sec. IV-B

with the following comparison schemes:

o GA-ITER [7], [46] (Conventional iterative optimiza-
tion) Iterative optimization of the TP and RRM. The
canonical GA and Alg. 2 are used for TP and RRM,
respectively. The GA parameters are identically config-
ured as in GA-TP. Properties are listed as follows:

- Stationary RRM: The RRM variables in GA-ITER are
fixed when optimizing TP by GA. However, the RRM
in GA-TP changes for every gene.

- Iterations: Starting with a random trajectory, GA-ITER
optimizes radio resources A, B, and P for a fixed
trajectory. Then, the trajectory is optimized with the
fixed A, B, and P. Iteration stops either when there
is no improvement in the objective (19) or when GA-
ITER reaches 10 iterations®.

« OFDMA [10], [11]: We implement the closest research’
that optimizes TP, UA, RA, and PC variables. The key
differences are listed as follows:

- The objective function: The objective function is re-
laxed from the summation of a logarithm to the weighted
sum-rate. For a fair comparison, the PF of all schemes
are computed as a summation of logarithms (14a).

- QoS constraint: The proposed scheme adopts the
data rate as a QoS constraint, [10] and [11] adopt
the SNR threshold. For a fair comparison, the SNR
thresholds yPfPMA i € T are chosen to satisfy r; =
Blog, (1+~9FPMA) "where v2FPMA implies the minimal
SNR requirements for achieving data rate r;.

- Problem formulation: The trajectory is obtained by
sequentially optimizing the position for every time step,
similar to DFS with tree depth n = 1.

o Circular-TP (Inspired by [47], [48]): While UA, RA,
and PC are optimized by Alg. 2, the UAV-BS position
q") is parametrized as

100 cos(f;) + 300

100sin(6;) + 300 | ,
200

q'¥ = @7)

where 6; = 6+ *2T¢ for randomly selected § € [0, 27].
Then, the variable 6 determines the initial position, and
the UAV-BS rotates the orbit with angular velocity #.

o Fixed-TP: For all t € T, the UAV-BS position is fixed
at g = [300,300,200]". Same as Circular-TP, this
scheme determines UA, RA, and PC by Alg. 2 for given
position q®).

60n average, GA-ITER converges in less than 5 iterations

"The energy consumption and relaying model in [11] are not considered
in our implementation.

A. Optimality of the Proposed RRM Scheme

TABLE III
REGULARIZED* f(q("))(%) AND COMPLEXITY OF RRM SCHEMES

Number of users

Algorithm Complexity
5 10 20 40 (Flops)

GA-RRM 100 100 100 100 O(IG)**
Alg. 2 (Ours) 9995 9993 9997 99.99 o(1?)
Max SINR 73.54 5519 4391 37.78 o(I)

+ The PF values are regularized by those of GA-RRM.
x% (& is the number of GA generations, where I << G.

Once the proposed RRM scheme accomplishes global
optimality, optimal decision-making for the proposed MDP
formulation (as illustrated in Fig. 4) provides a global opti-
mum of the lower-bound problem P2.

Table III shows the regularized PF of the three RRM
schemes to compute f(q®). The number of users is assumed
to be {5, 10, 20, 40}; QoS thresholds are configured as
ri = 5,i € T (Mbps); and initial data R\”) i € T is randomly
chosen from [10, 30] (Mb).

The proposed RRM scheme tightly achieves the global-
optimal PF value, which is computed by GA-RRM. Mean-
while, the PF values of the MAX SINR scheme decrease as
the number of users increases. From a PF standpoint, this
is because providing service to multiple users, even at the
cost of some sum-rate sacrifice, proves a superior strategy
compared to prioritizing spectral efficiency.

B. Measuring the Curse of Initialization

Figure 7 illustrates PF differences in GA-TP and GA-
ITER. GA-TP and GA-ITER share the same GA parameters
for TP; and Alg. 2 for RRM. However, the PF gap in-
creases when the map width and minimum data requirements
increase. These factors affect both the user pathloss and
candidate users whose QoS might be satisfied, so conse-
quently determining user association within a given trajec-
tory. Therefore, GA-ITER is more likely to converge to the
local optimum as the environment becomes rigorous, which
leads to an increase in the PF gap.
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2 ° - B caTER =5
[0} ~ -
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8 GA-ITER, r = 10
T
c
S
545 2 ©
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30

600 i 1500
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Fig. 7. PF values of GA-ITER and GA-TP with bandwidth B = 10 (MHz)
and minimum data rate r; = r for ¢ € Z.
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Fig. 9. Proportional fairness for 20 users with various QoS constraints.

C. Adaptive Trajectory-Planning of MDP formulation

Figure 8 demonstrates that the proposed MDP formulation
effectively resolves the dependency on the initial choice. In
the early motivation presented in Fig. 1, we have argued
that the initial position choice fetters subsequent variable
optimization, thereby leading to a deterioration in network
utility. However, Fig. 8 illustrates that the MDP formulation
enables the UAV-BS to make an adaptive trajectory regardless
of the initial position.

D. Proportional Fairness for Various QoS Constraints

Figure 9a depicts the PF for 20 users under various QoS
constraints when the bandwidth is 2 MHz. The figure shows
that the three proposed TP schemes achieve more than 90%
higher PF value than the OFDMA scheme in the worst case.
This is because the OFDMA scheme maximizes the PF in
the format of the weighted sum-rate. Then, the OFDMA
scheme’s objective becomes linear in terms of the users’
sum-rate, providing all resources to the most effective user
could be an optimal strategy. However, the strategy decreases
the fairness of the time-critical mobile network as the users’
request periods expire while a few users are selectively
serviced.

We remark that the proposed schemes show a smaller
decline in the PF value than the comparison schemes, even
at the stringent QoS constraints. Compared with the greatest
PF value of each scheme in Fig. 9a, the PF values at QoS
constraints of 10 Mbps decrease 8% for GA-TP and DFS;
11% for DQN; 14% for GA-ITER 23% for Circular-TP; 34%
for Fixed-TP; and 27% for the OFDMA scheme, respectively.

6
QoS Constraint (Mbps)
(b) Bandwidth B = 5 (MHz)

2 3 4 5 6 7 8 9 10
QoS Constraint (Mbps)
(c) Bandwidth B = 10 (MHz)

7 8 9 10 0o 1

Figs. 9b and 9c depict the PF values with 5 and 10
MHz bandwidth, respectively. The proposed schemes show
consistent PF values regardless of the QoS constraints, while
the PF values of Circular-TP and Fixed-TP slightly decrease.
This implies that the proposed schemes benefit from the high
SNR channels because Circular-TP and Fixed-TP share the
same RRM scheme with GA-TP.

E. Percentage of Served Users for Various QoS Constraints

Figure 10 illustrates the percentage of served users (%UE)
for various QoS constraints. The percentage is calculated by
dividing the count of users served at least once by the total
number of users. The overall tendency shows that the %UE
decreases as the QoS constraint increases.

The GA-TP scheme serves at least {56, 57, 40}%p more
users even in the worst case than the OFDMA scheme for
bandwidth {2,5,10} MHz, respectively. This gap is mainly
derived from the different formulations of the objective
function. As mentioned in the previous section V-D, serving
a few users could be an optimal UA policy in the weight
sum-rate formulation. However, the objective of the proposed
problem is a summation of logarithms. Then, concentrating
all resources on a single user is not optimal because the
growth of the logarithmic function diminishes with the in-
creasing user sum-rate. Therefore, multiple users are highly
likely associated with the UAV-BS at a single time slot in
the proposed scheme.

For Circular-TP and Fixed-TP, the gap from GA-TP in-
creases as users’ QoS constraints increase. The proposed
scheme shows a small gap in unconstrained cases, but the gap
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position of users represent the first time slot where the user receives service.

system models of [10], [11].

increases up to 20%p for Circular-TP and 37%p for Fixed-TP
as QoS constraints are configured to be r; = 10, Vi € 7.

As depicted in Figs. 10b and 10c, the proposed schemes
gradually converge to serving 100% users regardless of the
lookahead variable n when the available bandwidth increases.
However, the OFDMA scheme shows little enhancements due
to the winner-take-all tendency in the user association.

FE. Comparisons of the Trajectory and User Association

Figure 11 demonstrates the trajectories and user associa-
tions of various schemes. We assume that 20 users exist in
the service area with QoS constraints r; = 10 Mbps fori € Z
with the 2 MHz bandwidth.

As we argue in the previous two sections, we can observe
that the OFDMA scheme takes the winner-take-all strategy,
serving only the adjacent users adjacent to the UAV-BS’s
position in Fig. 11d.

In Figs. 11a, 11b, and 11g, we can observe a similar UA
and TP tendency as the schemes closely converge to the
optimum. The number of served users for DFS accordingly
increases as n increases. This is because UAV-BS can be
pre-positioned near users on demand, taking into account
the user’s future requirements. The difference in trajectories
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Visualized trajectories for various TP schemes. The colors of the UAV-BS trajectory represent the index of time slots, and the colors in the

The trajectory of the OFDMA scheme is not latticed as we preserve the

accumulates along the service timeline, so there is a big gap
in the number of served users between n =1 and n = 5 as
the service time of the UAV-BS increases.

G. Proportional Fairness for Various Number of Users

Figure 12 presents the PF for {10,20,...,80} users with
{2,5,10} MHz bandwidth. The QoS constraints are assumed
to be r; = 5 Mbps for all © € 7.

The PF of the {GA-TP, DFS, DQN, GA-ITER} schemes
increases up to {296, 295, 290, 290} % as the number of users
increases (Fig. 12a). Also, Circular-TP and Fixed-TP have
similar increases, but they show 18% and 40% lower PF than
DFS, respectively. This implies that the proposed schemes
benefit from the high SNR channels obtained from the TP
scheme because Circular-TP and Fixed-TP share the same
RRM scheme with the proposed schemes. Meanwhile, the
PF of the OFDMA scheme shows a 41% increase.

As illustrated in Fig. 12b, the PF for 5 MHz bandwidth
shows a similar trend with that for 2 MHz bandwidth
(Fig. 12a). However, the PF gap between the proposed
schemes and the OFDMA scheme increases as the available
bandwidth increases. The GA-TP and DFS schemes show
around 60% higher PF value at 10 users and 363% higher PF
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We can compute the average number of served users from
Fig. 13. In Fig. 13a, the average number of served users
increases from 9.8 to 44.24 for GA-TP; from 9.68 to 42.93 for
DES; from 9.76 to 42.26 for DQN; and from 9.66 to 41.85 for
GA-ITER. Meanwhile, the average number of served users
for the OFDMA scheme increases from 4.85 to 6.43. This
implies that the increase in Fig. 12a of the OFDMA scheme
is mainly caused by the channel enhancement from the high
user density, not by the increase in the number of served
users.

In Fig. 13b, we note that the overall percentage of served
users increases when the UAV-BS utilizes 5 MHz bandwidth.
{GA-TP, DFS, DQN} achieve about {16, 17, 18}%p higher
%UE for 5 MHz bandwidth than for 2 MHz, but the OFDMA
scheme shows almost no difference regardless of the size of
available bandwidth. Figure 13c shows that the percentage
of served users gradually approaches 100%, having a similar
tendency with Figs. 13a and 13b.

1. Convergence and Computational Complexity Analysis

Figure 14 depicts the regularized PF for each iteration in
the RRM scheme (Alg. 2). Zero iteration implies that the UA

Fig. 14. The output value of Alg. 2, normalized by the convergence value.
The QoS constraints are configured as r; = r,Vi € Z.

and RA variables are only optimized by the initial UA and
RA scheme (Alg. 1) without implementing Alg. 2. Even at
the zero iteration, Alg. 1 achieves 93% of the regularized PF
value. Then, the PF accomplishes 99% and 99.9% after 5
and 10 iterations, respectively.

VI. CONCLUSION

This paper proposes a separation of control and RRM in
the time-critical aerial network. We find a critical drawback
of conventional joint iterative optimizations, where the initial
trajectory choice fetters the subsequent variable choices.
However, separating TP and RRM in the practical scenario
is challenging because the user requirements and fairness
tightly bind network variables. We address the challenge by
decomposing the proposed problem into the sum of serial
sub-problems. Then, we cleverly transform the sub-problems
into the MDP formulation where the TP and RRM variables
are separately optimized. The proposed methods achieve the



global optimum obtained by the genetic algorithm, outper-
forming the state-of-the-art scheme.

The proposed approach focuses on designing a non-
differentiable trajectory by integer programming. We under-
score that applying the non-iterative approach to build a
differentiable trajectory is another important open problem.
Then continuous decision-making algorithms such as deep
deterministic policy gradient [49] should be adopted.

Optimizing multi-UAV networks through the MDP formu-
lation is another open challenge. A proliferation of research
on multi-UAV networks has adopted iterative optimization,
and there might be a gap in network utility due to the initial
trajectories (or position) choice problem.

We anticipate that the overall network utility could be
enhanced by applying the non-iterative philosophy.
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APPENDIX A
RELATED WORKS

Recent works that suggest TP and resource management
of UAV-BSs in various scenarios are categorized into the
following subsections. Key characteristics of the works are
summarized in Table. I.

A. UAV-BSs in Time-Critical Mobile Scenarios

Several research works have studied the control of UAV-
BSs in time-critical wireless sensor networks [14], [25], [26],
[30]. The works in [25], [26] target to maximize the number
of devices that successfully transmit data within the lifetime
of data. In [25], two algorithms are suggested to jointly
design a 2-dimensional trajectory and bandwidth allocation of
devices. Reconfigurable intelligent surfaces are additionally
considered in [26] and jointly optimized with the trajectory of
a UAV-BS by using deep-reinforcement learning. In [14], the
authors propose an age of information minimization problem
in a wireless sensor network, where sensors are powered by

a UAV-BS using energy harvesting. These works enhance
the network utility for timely data, but the fairness between
the users is not considered. Without considering fairness, the
trajectory of a UAV-BS can be biased according to the QoS
constraints and channel state of users, thereby decreasing the
number of served IoT users.

B. UAV-BSs for Wireless Sensor Networks

The work in [31] addresses a problem that maximizes the
minimum average data rate in wireless sensor networks under
an outage probability constraint and angle-dependent Rician
fading. In [28], the authors reformulate the TP problem
into an equivalent traveling salesman problem to maximize
the number of visited wireless sensors. The authors of [27]
suggest a TP algorithm that minimizes the required time slots
for collecting data from all wireless sensors. In [32], a deep-
reinforcement learning model is adopted to minimize energy
consumption while collecting data from wireless sensors.
These studies provide a well-designed trajectory in various
mobile network scenarios, but designing optimal RA and PC
still remains unsolved, which should be jointly designed with
the trajectory.

C. TP of UAV-BSs

The works in [12], [13], [29], [33] propose a TP problem
maximizing the sum-rate of users in UAV-enabled networks.
These works significantly enhance the sum-rate by adopting
reinforcement-learning (RL) methods [29], [33] or utilizing
successive convex approximation [12], [13]. However, none
of these works considers the fairness between users or the
RA problem.

The authors in [10], [11] propose a TP algorithm that
jointly optimizes RA and PC parameters to maximize the
fairness of users in the orthogonal frequency-division mul-
tiplexing access (OFDMA) network, where a single UAV-
BS is utilized as a relay node. These algorithms sequentially
find the position, RA, and PC parameters by optimizing these
parameters for the next time slot based on the current location
of the UAV-BS. The problems designed in these works are
well-investigated with solid results, but future network states
still need to be considered when optimizing the current
movement of the UAV-BS.

APPENDIX B
PROOF OF PROPOSITION 1

The logarithm of the sum-rate of i-th user is reformulated
as

log R; = log Z R (28)
teT
T t (k)
2k=0 It (0)
= log}j[l 2__10 e R, (29)
T (t)
R!
= log |1+ —=f—77 | +log R 30)
t=1 > ko Bi



where the auxiliary constant R( ) is identical for all i € Z.
In what follows, we shall adopt the auxiliary constant R(O)
to consistently decouple the problem for all time slots®. For
the numerical experiments, R , 1 € 7 are chosen to be 1,
but the value of R( ) rarely affects on the outcome of the
proposed algorithms. For each user 4 R( ) determines the
cumulative throughput Z k=0 R( ) Wthh affects the solution
of RA and PC. A specific range of Ry can affect the short-
term RRM; but does not have a significant long-term effect,
as the cumulative throughput naturally grows as time goes
by.
The objective in (14a) is equivalent with

R(t)
> logR; = Z > log <1+ R( >+R (31
i€EA t=1;c A(t)

where R = > ica log ngo)‘ Then, the following inequality
holds:

R Z log R; (32)
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= max log | 1+ C +R (33)
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>

Z q® A(f) Bm P®) ;ﬂ log { 1+ Zt 1 R(k)

(34)

The inequality (34) indicates that the addition of the objec-
tives of Problem P®) t € T is the lower bound of Problem
P1.

APPENDIX C
DERIVATION OF THE INITIAL B®

If A® s given, Problem (21) is concave; thus can be
solved by finding the KKT conditions. For Problem (21a),
the Lagrangian Lg|4 (-) is represented as

LeiaBOpOA) = 3 log(1+upY)  (35)
icA®)
)
0 (50 _ 2T _ o
£ 3 A0S ) AT A -
i€ A1) ieA)
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where w!") = a§t>d§t)e§”/zf€;§ RrRM): p®)
A®) are Lagrangian coefficient.
To meet the first-order optimality, we have
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80therwise, we have a different term at ¢ = 1.
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Algorithm 3: Resource Allocation

1: Input 9, AW, P®).

2: Output B®).

3. Initialize (), )\(f), /\g), L 0, Ly ¢+ 00

4: while ||£ — Lpev|| > € do

s: Update p®), )\gt), )\g) according to (45)-(47).

6: ﬁpre\, — L, L+ L?[g(u(t), /\gt), )\(Qt)) using (44).
7: end

By substituting Vi(t)

holds:
t
)\(t) . w7( ) ﬂ(t) . 047( )7’1 —0
1+wPp® )\ W '

For users i € A®), combining (39) and the minimum RA
requirements constraints (21b) results in

T 1 1
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RONPYCIENO

Because Bi(t) is simply determined to be zero for i ¢ A,
we can conclude

1 1 () 4(8) _
B(t) _ max <e(t)5 NOEE w(t)> if Q; d 1,

0 otherwise.

in (38) with (37), the following inequality

(39)

(40)

(41)

APPENDIX D
OPTIMAL RESOURCE ALLOCATION

If A®) and P(®) are fixed, the problem (20) is written as

R
max Z log (1 + - > (42a)
B(®) e Zt 1 R( )

S s <, (42b)

i€ A(t)
3 08" < p, (42¢)

e At)
ﬁi(t) > agt)ri/ez(-t),w (42d)

The optimal solution of the problem (42) can be obtained
by using the Lagrangian dual method. Then, B®) can be
optimized by globally searching all feasible B(*) for the
objective function of (42).

The Lagrangian dual problem of (42) is

S L)

p® AT,
st. Y >0,vi, (43b)
AP AW >0, (43c)



where p(*) = [ugt)]
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The derivation of the Lagrangian dual function

E*B(u(t),Agt),)\g)) is shown in the following section
Appendix D-A. The duality gap between (42) and (43)
is zero, because the objective in (42a) is concave and
the constraints (42b)-(42d) are linear. Then, by using the
sub-gradient descent method, the Lagrangian multipliers can

be updated by
(- - a<”n>
o® wl(t) ® )

1 1
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where v is a learning rate and 0 = /\(t)—|—)\(75 (t). The

initial values of the multipliers are conﬁgured9 as ,ugt 0.5
for all i € Z, " = 0.5, and A = 0.8. After that, the
optimal value of B(*) can be obtained from

" 1 1
g = -—m @®
i )\gt) + )\ét)pgt) o Mgt) wl(t)
where B*(®) = 37,7
A. Derivation 0{ the Lagrangian Dual Function
Lis(u®, A AP in (44)
The Lagrangian dual function (44) is derived as
La(BY, u AP ) (49)
(®)
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The partial derlvatlve of L(+) W1th respect to B is 0 at

optimal resource allocation vector B*(*)| so we have
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9We heuristically apply the bisection method to find the best combination
that minimizes the convergence time.

Then, the optimal B*( )i

1 1

g = - 6D
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and B*() = [@w)]iez. Therefore, we have
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APPENDIX E
OPTIMAL POWER CONTROL

If A®) and B® are given, the problem (20) is written as

R®
max ZGXA;) log (1 + S R(k)> (54a)
st pi? >0, (54b)
S a8 <P (54c)
icA®)
R > oM, vi. (54d)

Since log(1 + x) =~ = when = < 1, we relax the objective
function as

()

R ) R
Z log (1 + W |~ Z %
Zt 1 R( ) S Z ( )’

i€A(D)

(55)

We remark that the above approximation holds more accu-
rately as t increases because the cumulative received data

};_:10 ng) increases over time. Also, the constraint (54d)
can be equivalently expressed with respect to the PSD of a
user as follows:

Pt > ¢ i, (56)

where (i(t) = ¢(20¢5”m/ﬂ5t) — 1). We can replace

()
10~& /10
(54b) and (54d) by (56) because ¢\ > 0.
By applying (55) and (56), the problem (54) can be
reformulated as

R(t)
max 71@ (57a)
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The objective function and constraints of (57) are concave
and linear, respectively. Therefore, the zero-duality gap is
guaranteed between Problem (57) and its dual problem.

The Lagrangian Lp of (57) is

Lp(PO O \O) = Z T( )log (1+ w(t)pgt))

ieAt)
3 00 - D) a0 ST 00
i€ At) NG
(58)
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We need to find a point at which derivative of Lp(-) is
Zero:

O®
1+ wgt)pz(-t)
In addition, the pair of P(®), v(!) and \(*) should satisfy

(e =) =0 (60)

Vpgt)ﬁp(-) = + l/i(t) - )\(t)ﬂlv(t) =0. (59

to meet the complementary slackness of a KKT solution.
Similar to Appendix C, pl(-t) is determined as

® _

)
p; = max (Ci(t)’ 55;)\(0 - J”) if O‘z(‘t)dz(‘t) =1,

0 otherwise.
(61)

TABLE IV
DQN PARAMETER CONFIGURATIONS

Parameter Value
Learning rate (LR) 1-10~4
LR scheduler step size 500
LR decay factor 0.9
Discount factor 0.99
Exploration prob. e 1
e-decay per update 0.999
Soft-update weight 7 10-3
Soft-update period 1
Experience-replay buffer size 10°
Experience-replay batch size 512

APPENDIX F
DQN ARCHITECTURE AND TRAINING PROCEDURE

We design a 16-layer fully connected network to produce
the results in Sec. V. All layers, except for the input and
output layers, have input and output vectors of size R'0%4,
The input vector size is a cardinality of a state vector,
determined as 11 + 81 by the number of users . The output
vector size is R” for our numerical experiment, determined by
the cardinality of S(-). A detailed configuration is provided
on the implementation source code.

The model is trained using the adaptive moment estimation
(Adam) optimizer [50], step-decaying learning rate scheduler
(e.g. StepLR in PyTorch), mean squared error (MSE) loss.
All hyper-parameters are listed in Table IV. The DQN models
are trained during 5,000 episodes, which is equivalent to
200,000 steps. Figure 15 illustrates the training progress with
the DQN environment configured as 10 MHz bandwidth; 20
users; and r; = 5 for all 7 € 7.

In all cases, the DQN scheme shows comparable results
with the GA-TP and DFS but fails to exceed the PF of
the DFS scheme. The main reason is that the DFS scheme
benefits from the analytical optimal reward of the sub-
trajectory, but the DQN scheme should estimate the exact
reward of each position q(*) for all t € T.
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Fig. 15. Loss and PF value change for the first 1500 training episodes.

The PF value is moving-averaged with the window size 13. The colored
area represents the variance.
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