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Abstract—Directional antennas offer substantial advantages in
wireless communications by enhancing link quality and boosting
achievable end-to-end (E2E) data rates. Extending their use
to Unmanned Aerial Vehicles (UAVs) can significantly elevate
airborne network capacity. However, deploying directional track-
ing in dynamic aerial environments introduces a critical design
challenge in interference-limited regimes: determining the opti-
mal 3D antenna orientation to maximize network performance.
Motivated by the severe impact of bottleneck links on overall
throughput, this study focuses on maximizing the bottleneck
Signal-to-Interference-plus-Noise Ratio (SINR) while satisfying
constraints for path redundancy and strong connectivity. Given
its combinatorial nature, this problem is formulated as a Mixed-
Integer Nonlinear Programming (MINLP). While an optimal so-
lution can be found using the branch-and-bound mechanism, this
approach incurs prohibitive computational overhead, rendering
it infeasible for real-time applications. To address this limitation,
we developed a Graph Neural Network (GNN) to predict opti-
mal edges and proposed two GNN-augmented topology-creation
frameworks that produce near-optimal topologies with drastically
reduced execution time. We demonstrate the GNN’s capability to
predict optimal edges using standard classification metrics. We
then compare the GNN-augmented topology-creation frameworks
against a Mixed-Integer Linear Programming (MILP) bisection
search derived from the original MINLP formulation, as well as
standalone heuristic and metaheuristic methods.

Index Terms—UAVs, Directional Antennas, Mixed-Integer
Linear Programming, Mixed-Integer Nonlinear Programming,
Graph Neural Networks, Topology Optimization

I. INTRODUCTION

The use of Unmanned Aerial Vehicles (UAVs) has ex-
panded across civilian and military domains, where they are
increasingly deployed for monitoring, rescue operations, or
in war zones. To maximize spatial reuse, these platforms are
integrated with high-gain directional antennas operating in the
Millimeter wave (mmWave) band. By employing narrow-beam
transmissions, these antennas facilitate multiple simultaneous
communication links while effectively suppressing inter-link
interference.

While UAV network studies [[1] have expanded, challenges
persist regarding specific mission-driven deployments. Current
research is predominantly focused on sub-6 GHz schemes
that utilize UAVs as aerial base stations. However, multi-hop
airborne networks for specialized applications such as data
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collection or rescue operations have received less attention,
with existing work often limited to beam tracking for high-
speed nodes [2].

In this work, we propose a framework to optimize the
topology of an mmWave-enabled UAV network, aiming to
maximize the bottleneck Signal-to-Interference-plus-Noise Ra-
tio (SINR) while satisfying connectivity and path redundancy
constraints. Since the lowest-capacity link caps the achievable
end-to-end (E2E) throughput of any flow [3], maximizing
the minimum SINR maximizes worst-case E2E capacity. In
contrast to research centered on trajectory optimization, our
framework assumes that UAV movement is strictly dictated
by mission profiles—such as firefighting or environmental
monitoring. This shifts the optimization challenge toward the
communication layer, where we determine the optimal topol-
ogy by aligning directional antennas to establish links within
an interference-limited environment. The resulting problem is
an NP-hard Mixed-Integer Nonlinear Programming (MINLP)
(Section [IV): branch-and-bound runtime grows exponentially
with network size, which rules it out when antenna directions
must be re-optimized at the seconds level, while the greedy
heuristics used in its place frequently converge to suboptimal
solutions.

Machine Learning (ML) is now widely applied to com-
binatorial optimization in wireless systems, yielding usable
solutions within practical timeframes. We follow this direc-
tion with a Graph Neural Network (GNN)-based algorithm
for link establishment in interference-limited UAV networks,
validated against MINLP and heuristic baselines in terms of
E2E capacity and computational overhead.

The primary contributions of this study are as follows:

o« We formulate the topology optimization as a combi-
natorial problem and derive benchmark solutions using
Mixed-Integer Linear Programming (MILP), which is the
transformed version of MINLP.

o We develop a GNN architecture designed to approximate
optimal solutions at the sub-second scale. For training, we
generate a comprehensive dataset using MILP solutions,
and we validate the model’s predictive performance using
standard classification metrics.
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o Recognizing that model accuracy may not reach 100%,
we propose frameworks that utilize the model’s prob-
abilistic outputs as inputs for topology creation. We
evaluate two distinct methodologies for leveraging these
insights to construct topologies.

The remainder of this paper is structured as follows:
Section surveys existing literature on topology creation
across various applications. Section [[IIf describes the network
architecture and the communication model, while Section
provides the formal mathematical problem definition. The
proposed GNN for edge estimation and the corresponding
topology construction frameworks are detailed in Section [V]
Section outlines the simulation environment, underlying
assumptions, and the data generation process. Section |VII
offers an in-depth analysis of the performance results and
key findings. Finally, Section summarizes the study and
suggests potential avenues for future research.

II. RELATED WORK

Topology Control (TC) was first studied for omnidirectional
networks, where topologies are shaped by tuning per-node
transmission power [4]]. As directional antennas matured and
their interference-suppression benefits became apparent, atten-
tion shifted to directional-beam deployments, and the growing
interest in Airborne Networks (ANs) extended this to aerial
vehicles in scenarios such as airborne-sea ad hoc networks [5]
and aeronautical networks over the Northeast Atlantic Corridor
[6]], [7l. The latter two solve the same problem with different
tools, a MILP solver [6] and a heuristic that trades solution
quality for scalability [7]], but both differ from our objective:
they extend links to a ground station via aerial-to-aerial hops
and maximize the number of aircraft meeting a data-rate
threshold, leaving global connectivity unconstrained. TC in
ANs has also been studied for other media, e.g. Free-Space
Optical Communications (FSOC) links connecting commercial
aircraft to ground gateways, with hop count minimized and
node degree maximized for robustness [8].

ML-driven topology optimization for nodes equipped with
directional antennas has been investigated in [9] and [10].
These works aim to derive network topologies while satisfying
constraints such as maximum node degree and global con-
nectivity. Methodologically, both studies utilize the attention
mechanism, with the latter integrating it into a GNN archi-
tecture to learn optimal edge configurations. However, these
studies neglect realistic RF phenomena such as interference
and path loss, limit their objectives to basic connectivity, and
lack comprehensive evaluations of classification metrics and
resulting physical network performance.

While existing literature has addressed topology optimiza-
tion for UAVs equipped with directional antennas, the applica-
tion of ML—and specifically GNNs—remains largely under-
explored. To address these deficiencies, we propose a frame-
work for multi-hop UAV ad hoc networks using directional
mmWave antennas. Our approach leverages a trained GNN to
estimate optimal edges, integrated into a solution framework

that constructs near-optimal topologies within computationally
feasible timeframes.

III. SYSTEM MODEL

In our study, each UAV is equipped with four steer-
able directional mmWave antennas—one mounted on each
side—capable of 45° steering. Directional antennas are primar-
ily used for data transmission and multi-hop relaying between
UAVs. The number of bidirectional links from each UAV is
represented as the nodal degree d;, constrained via maximum
and minimum degree as d,,ip < d; < dpgz-

A. Network Model

We model the UAV network as a directed graph G = (V, £),
where V' denotes the set of UAVs and &£ represents the
set of active communication links. For any pair of nodes
(i,j) € V x V where i # j, the relative position vector
from ¢ to j is characterized by the triplet (0 ;, i ;,d; ),
representing the azimuth angle, elevation angle, and Euclidean
distance with respect to the UAV body frames. We define
the antenna boresight direction of a transmitter (e;,) toward
a target receiver (e,,) using the angular coordinates [f., ¢.).
Based on this boresight alignment, we calculate the horizontal
and vertical deviation angles, Aﬁeﬁj and A(;S& j» for any other
node j € V\ {e}.

B. Communication Model

As aresult of the absence of physical obstructions, the inter-
UAV links are modeled as line of sight (LOS) conditions.
According to that, the communication channel is modeled as
Rician fading with LOS dominance [11f]. For any link ¢ — j,
the path loss (PL; ;) and the instantaneous received power
(Pry, ;) are determined with the following equations:
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|h;j|* represents the power gain of the Rician fading
channel. The fading characteristic is defined by the K-factor,
which represents the ratio between the power of the LOS
component and the scattered multi-path components. In this
study, we assume a highly dominant LOS path with K = 15
dB [12].

dij, fo and c are the distance between the two UAVs,
operating frequency, and the speed of light respectively. P,
denotes the transmission power, while g,, and g,, represent
the linear transmit and receive antenna gains, respectively. We
determine the directional antenna gain in dB (G, and G,.,),
according to the 3GPP radiation pattern for directional anten-
nas operating above 6 GHz, by considering both horizontal
(Ap) and vertical (Ay) components [13] as below:

2
Ap (A4 4) = min {12 (%) ,Am} , 3)
O3B

288



2
AV((btz,rw) = min {12 (%> aAm} 5 (4)

$34B

Gtm - Gmax - (AH(etm,rm) + AV(¢tm,rm)); (5)

where A,, denotes the sidelobe attenuation, 0345 and ¢3qp
represent the horizontal and vertical 3dB beamwidths, respec-
tively, and Gpax is the peak antenna gain in dB. Similarly,
Gy, is also calculated from the receiver’s perspective using
Equation (5). We assume a UAV’s own transmission toward a
receiver does not interfere with other concurrent receptions at
that same receiver.

Using the criteria defined in Equations (3 to (3), the SINR
for a link ¢ — 7 is now dependent on the spatial filtering of
both the transmitter and the receiver. It is expressed as:

P’I“Cvi’]‘
Nt Denpee ktfisi} o Thgini

SINR; ; = (6)

We define I}, 4 ; ; as the interference power at the reception
of the transmission from node ¢ to node j, caused by the
simultaneous transmission from node & to node g. The total
interference power is then calculated as:

Ptrk i gth(k,g,j) : grz,j(i7j7 k)
PLy ;

Tigij = (7

gtk (+) denotes the antenna gain of the interfering trans-
mitter £ in the direction of the victim receiver j, relative to
the transmitter boresight oriented toward node g. Similarly,
gra,; () denotes the antenna gain of the victim receiver j in the
direction of the interfering transmitter k, relative to the receiver
boresight oriented toward its intended transmitter . Both
Gtzk(-) and g, ;(-) are computed according to Equations
to (@).

IV. PROBLEM FORMULATION

In multi-hop wireless routing, the maximum achievable end-
to-end (E2E) throughput of a path P is fundamentally governed
by its bottleneck link [J3]]. Consequently, our primary objective
is to maximize the SINR at this critical bottleneck.

Subject to this primary objective, the optimization problem
is further formulated under the following constraints:

o Strongly Connected Network: An E2E path must exist
between any pair of nodes.

o Node Degree: Each UAV is subject to a degree constraint
(dmin < d; < dimag), to ensure both path redundancy and
hardware feasibility.

 Bi-directionality: All established communication links
must be bi-directional.

We formulate a mathematical model to determine the
optimal assignment of bidirectional links using directional
antennas. In our formulation, the model components—sets,
indices, decision variables, and parameters—are defined as
follows:

Sets and Indices

o V ={1,...,n} represents the UAV set

e D={(i,j) € VxV :i# j} represents the transmission
node pairs

e Y ={(i,j) € VXV :4i+# j} represents the possible
directional links.

o Towad = {(k.9,i,§) € V4 (kg) € D, (i) € D, k ¢
{i,j}, g # j} represents the interference quadruples,
denoting the interference from link k¥ — g onto the
receiver j, which is oriented towards 1.

o Tori={(k,g,j) €V3:3ieV st (kg,4,5) € Tquad}
represents the unique interference triples used to define
the topological state of the interfering transmitter.

e 7 € V represents the root node, which will be used
to realize the strongly connected constraint via network
flows. It is only an arbitrary node used for the strongly
connected constraint.

Decision Variables

e yi; € {0,1},V(i,5) € Y: Decision variable for the link
1 — j to be active or inactive.

e fi; >0,Y(4,j) € D: Flow variable used for the strongly
connected graph constraint.

o Wkg; € {0,1}: A binary indicator variable representing
whether the transmission link & — ¢ can interfere with
receiver j. This variable is introduced to enforce the
constraint that an actively transmitting UAV cannot simul-
taneously generate interference toward another concurrent
reception associated with the same receiver.

e 7 > 0: SINR threshold in linear scale.

Parameters

o S;;: Received signal power of link 7 — j.

e I} 4. Interference power received at link 7 — j from
transmission k — g.

e N: Noise power.

e dmin, Amao: Minimum and maximum node degrees.

e M: A sufficiently large constant (Big-M) used to relax
the SINR constraint for inactive links.
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maximize T

y,fow,T
subject to
(C-D vy =y, VY(,j)eyY
(C'Z) dm/in S Z Yij S dmama vieV
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JEV\{r} JEV\{r}
(C-5) Z fij — Z fii=-1, VieV\{r}
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(C'6a) Wk, g,5 < Yk,g» v(kuq’]) € 7;7"72
(C'6b) wk,gg’ S 1-—- yk7j7 V(kagmj) € 7;7‘1'
(C'6C) Wk,g,5 > Yk,g — Yk,j5 V(k,g,j) € 727“1',

>

(k,9,4,9)ETquad
- M1 —y;),v(i,j) €Y

(C-NDSijyi; > 7 | N+ (k.5 * Whig,5)

®)
The primary objective is the maximization of 7. The formula
is subject to constraints of bi-directionality (C-1), node degree,
a strongly connected network via flow conservation from the
root, interference rule, and SINR threshold of active links.
The model in Equation is an MINLP problem, because C-7
contains the product of the decision variables 7 and wy, 4 ;. To
ensure computational feasibility and achieve global optimality,
we convert the optimization problem into an iterative MILP
framework utilizing a bisection search. This transformation
is achieved by treating the decision variable 7 as a constant
parameter. Consequently, the objective function reduces to a
feasibility check, since the maximization parameter remains
constant within a single execution. The bisection search is
demonstrated in Algorithm [T] and explained below.

o Initialization (Lines 1-2): The search boundaries,
Tiow,db and Ty qp, are set to their predefined minimum
and maximum limits.

o Bisection Loop (Lines 3-17): The search iterates until
the gap between the upper and lower bounds falls below
Tprecision,db- A smaller precision threshold increases the
likelihood of finding the global optimum, but at the cost
of higher computational overhead.

o MILP Transformation (Lines 4-6): During each iter-
ation, the midpoint SINR threshold 7,,;4,4» is computed
and converted to a linear scale (Tiq,1in). Treating 7 as
a constant (7 = Ty,4q4,14n) Tather than a decision variable
relaxes the original MINLP formulation (Equation )
into a computationally feasible MILP.

o Dynamic Big-M Calculation (Line 6): Rather than using
a generic heuristic, the Big-M constant M is dynamically
derived in each iteration. It represents the worst-case
scenario in which all candidate interferers are active for
Constraint C-7.

Algorithm 1: Bisection Search with MILP

Inpu':: y, D, 7:Juaul’ 7;ris Sij? Ik;g,i,j’ N’ dmins dmazs

7A-mimdbv 7A—max7dba 7A—precisiomdb
Output: Optimized Network Topology
G* = (V, Ypest), Optimal Threshold 7pest,ap

1 Tlow,db < Tmin,db
2 7A_up,db <~ 7A—rna:c,db
3 while (%up,db - 7A-low,alb) > 7A-pre(:ision,db do
4 Tmid,db < 0.5+ (Tlow,db + Tup,db)
5| Tmidyiin < 1070 /100

6 M — 7A—7nid,lin . (N + Z(kvgvi,j)gTquad (Ik,g,i,j))

ytemp’sol < Solve MILP with %mid,lin
8 if Viemp,sol is feasible then

9 Tlow,db < Tmid,db
10 Toest,db < Tmid,db
11 'f_best,lin — 'f_mid,lin
12 ybest — ytemp,sol
13 end
14 else
15 | Fup,db < Tmid,db
16 end
17 end

18 return YVoest, Toest,db

o Feasibility Check & Update (Lines 7-16): The solver
attempts to find a feasible network topology for the
current Tonid, lin'

— If a feasible solution exists, the topology Viemp,sol
is saved as the new optimum, and the lower bound
is raised to search for an even higher threshold.

— If the solution is infeasible, the upper bound is
lowered to constrain the search space.

V. SOLUTION MODEL

A. Graph Neural Network

Our GNN framework adopts a line GNN approach to model
the network topology. In a line GNN, each node in the GNN
corresponds to a candidate bidirectional link (4, j) between a
pair of UAVs from the original set. To characterize the nodes
in line GNN, we construct a feature vector consisting of the
following link features:

o The Euclidean distance d; ; between the UAVs.

« The relative azimuth and elevation angles (0; ;, ¢; ;).

o Link betweenness centrality: The sum of the fraction of
all-pairs shortest paths that pass through the link.

o Distance-Based Spatial Closeness Centrality: Defined as
the inverse of a node’s cumulative physical distance
to all other nodes, this metric quantifies its structural
centrality. We included the spatial closeness values of
both endpoints to the link’s feature vector.

e The transmission power P, (mW) and antenna
beamwidth (degrees). Since the transmission power and
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antenna beamwidth are identical for the bidirectional link
node pairs, we have used these values as a link feature.

Adjacency within the GNN is established based on mutual
interference or shared endpoints (transmitters or receivers)
between the candidate links. To capture the nature of wireless
interference, we define these relationships as directed edges in
the GNN, pointing from the interfering link (¥ — g) to the
interfered-with link (¢ — 7). We employ multi-dimensional
edge attributes to distinguish between these interaction types,
incorporating two primary features:

o Endpoint Conflict: A binary indicator specifying whether
the two links share a common transmitter or receiver.

« Interference Magnitude: The linear interference power
from link £ — g incident on link ¢ — 7, calculated
according to Equation (7).

To enhance computational efficiency, we apply a threshold
to the GNN adjacency matrix. An edge between nodes is
established only if the linear interference caused by link & — ¢
on link ¢ — j exceeds 1% of the intended signal power,
defined by the condition I’“Sgi” > 0.01. Adjacencies below
this threshold are neglected to prevent the model from being
overwhelmed by insignificant interference and to keep the
message-passing process from slowing down.

The developed GNN architecture consists of the three
components:

o Feature Embedding: Both node and edge features are
mapped into a high-dimensional latent space using an
initial embedding layer.

o Graph Transformer Message Passing: We adopt a
Graph Transformer [14] for message aggregation, in
which attention weights are computed jointly from
node representations and edge attributes, integrating self-
attention into the line-graph framework. During message
passing, the attention mechanism dynamically assigns
weights to messages from adjacent nodes, enabling the
model to generate incoming messages driven by node
and edge features. To ensure stable training and mitigate
the vanishing gradient problem, residual connections are
integrated into each message-passing block.

o Node-level Readout: The message-passing phase is fol-
lowed by a readout module applied to each GNN node,
mapping the refined latent representations to the final
output values, which are the logits that represent the prob-
ability of each link being included in the final topology.

A deterministic threshold on the predicted scores (p > 0.5)
does not reliably yield valid configurations: even a small
number of false positives or false negatives can violate the
constraints or collapse the bottleneck SINR. We therefore pro-
pose two frameworks that consume the probabilities directly.

B. Probability-Aware Greedy Edge Pruning

The GNN output is turned into a topology in two stages
(Algorithm [Z). A baseline graph is formed from the top three
candidate edges per node, then pruned in ascending order
of predicted probability, with an edge retained whenever its

Algorithm 2: Greedy Edge Pruning for Topology
Optimization
Input: G = (V, &), P ={p. | e € E}, dmin, k=3
Output: Optimized Network Topology G* = (V,£*)
1 foreach node v € V do
2 ‘ gtop,k — gtop,k + 533,9,1(
3 end
4 Sort (&pyx) in ascending order of predicted probability
5 EF gmp,k
6
7
8
9

foreach edge e = (u,v) € Eypi do
Calculate SINR pin;
E &\ {e}
Calculate new SINR ;.
10 is_safe < (deg(u) > dpmin) A (deg(v) >
dpmin) N is_connected

11 if (SINR.,;,, > SINR,.i) A is_safe then
12 | & ¢

13 end

14 end

5 return G* = (V, &%)

—

removal would partition the network or violate d,,;,. Link
selection therefore inherits the GNN’s global interference
awareness while structural feasibility is enforced explicitly.

C. GNN Augmented Grey Wolf Optimizer

Grey Wolf Optimizer (GWO) [15] steers a population of
candidate solutions using its three fittest members («, 3, 9).
Each wolf is encoded as a binary vector x € {0,1}Feanal
over the restricted candidate set, where x4 = 1 marks link d as
active, and fitness is the minimum SINR subject to the network
constraints. We modify the standard algorithm in two ways
(Algorithm [3): the search space is restricted to the top three
GNN-ranked edges per node, and the population is probabilis-
tically seeded from the predicted edge probabilities rather than
randomly. Position updates are computed in the continuous
domain using the standard GWO rules. The resulting real-
valued position is mapped back to a link set by a hard threshold
of 0.5. The algorithm details are demonstrated in Algorithm 3]

VI. METHODOLOGY

In this section, we explain the methodology we followed to
create the dataset, followed by the evaluation methods.

A. Dataset Creation

Due to the lack of publicly available UAV swarm datasets,
we created the trajectories with the following characteristics:

o UAVs are placed on a 3D grid with 6 km nominal spacing,
perturbed by zero-mean Gaussian jitter with o = 1.5km.

o The UAVs follow a Gaussian-Markov mobility pattern,
which mathematically simulates realistic flight behavior
rather than moving in perfectly straight lines [16]]. The
velocity of the UAVs ranges from 100 m/s to 200 m/s.
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Algorithm 3: GNN-Driven Grey Wolf Optimizer

TABLE I: Communication Parameters for SG URLLC Simu-

(GWO) for Topology Optimization lation
Input: G = (V,E), P={p. |e €&}, k=3, Npop Parameter _ Value
(Population Size), Thatience (Early Stop Minimum number of the connections (dmin) {1, 2,3}
Threshold) Number of the antennas (daz) 4
. . Maximum Antenna Gain (Graq) 20 dB
Output: Optimized Network Topology G* = (V, X,,) Side Lobe Attenuation (A.,) 30 dB

1 foreach node v € V do
2 ‘ gtop,k «— gtop,k + 8:(],1),](
3 end
4 Initialize population X = {X;, X,..., Xy, };
5 Evaluate fitness f(X;) for all X; € X ;
Xo ¢ argmaxy, f(X;)
Xﬁ S argmaxx\{x,} f(Xz)
Xs argmaxx,\{x,,Xz} f(Xz)
t<+0
tlast_improve +0
while (t - tlust_improve) < Tpatience do
foreach wolf X; € X do
10 ‘ Update the position of X ;
11 end
12 Evaluate fitness f(X;) for all X; € X ;
13 | if maxy, f(X;) > f(X,) then
14 ‘ tlast_improve —t
15 end
16 X,  argmaxy, f(X;)
Xp < argmaxx,\(x.} f(Xi)
X5 + argmaxx,\(x,,x,} f(Xi)
17 t+—t+1
18 end
return G* = (V, X,,)

=R I Y

[o=
N

Antenna Beamwidth (0345, ¢345) {15°,30°,45°}

Rician K-factor 15 dB
Transmit Power (P;) {14,17,20} dBm
Channel Bandwidth (BW) 100 MHz
Carrier Frequency (f.) 31 GHz
Subcarrier Spacing (A f) 120 kHz
Number of Resource Blocks (Nprp) 66
Symbol Duration (7%) 8.93 us
Scaling Factor (f) 0.8
Overhead Percentage (OH) 0.2
MIMO Layers (vrayers) 1

Target BLER 1078

Labels were obtained by solving the MINLP with the
bisection search of Algorithm I|in the SCIP Optimization Suite
(17], with 7A—min,dB’ 7A—max,dB’ and 7A—precision,dB set to —5dB, 10dB,
and 0.05dB from preliminary runs. Using the communication
parameters of Table |l we generated 8000 training and 2000
test samples over disjoint node sets, spanning 10 to 60 nodes
with diverse beamwidths and transmit powers. Training is
capped at 32 nodes, so that performance above this size mea-
sures extrapolation to unseen scales. The dataset and its docu-
mentation will be made available at 10.14459/2026mp181516.

B. Training Procedure

In our topology optimization framework, treating edge pre-
diction as a binary classification task introduces severe class
imbalance, as rejected candidate links vastly outnumber the
optimal links that form the final topology. To prevent the model
from being overwhelmed by abundant, easily classified non-
optimal edges, we employ Focal Loss [18]. By introducing a
modulating factor that dynamically down-weights the loss con-
tribution of highly confident predictions, Focal Loss modifies
the standard cross-entropy objective.

The GNN model was implemented in PyTorch, and all train-
ing and evaluation were performed on an NVIDIA Ampere A2

GPU. Model optimization was performed using the AdamW
optimizer. As described in Section the dataset was split
into training and test sets to enable rigorous evaluation of
model generalization performance. Furthermore, 20% of the
training set was allocated as a validation set for performance
monitoring during each training epoch. To mitigate overfitting,
an early-stopping strategy was employed, terminating training
when the validation metric did not improve for 30 consecutive
epochs. The model hyperparameters and training configura-
tions are summarized in Table

C. Evaluation

The first part of the evaluation focuses on the predictive
accuracy of the GNN. To ensure robust assessment across
varying network sizes and layouts, we calculate all metrics
per graph and report graph-wise means.

We evaluate the practical utility of our GNN-augmented
topology creation framework by benchmarking it against an
optimal MILP solution, distance-based greedy pruning, and
pure GWO baseline. Beyond SINR and data rate metrics,
computation time is analyzed.

Link data rates are derived in two stages:

« Instantaneous SINR is mapped to a Modulation and
Coding Scheme (MCS) maintaining a Block Error Rate

TABLE II: Model & Training Parameters

Parameter Value
State Dimension 36
Number of GNN layers 4
Number of Readout Layers 4
DropOut Rate 0.15
Activation Function GeLU
Training and validation ratio  0.80, 0.20
Early stop patience 30
Batch Size 64
Learning Rate 0.0001
Weight Decay 0.005
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TABLE III: Per Graph Mean Edge Prediction Performance of
the GNN Framework

Category Metric Value
F1 Score 0.83
Precision 0.77
. . . Recall 0.9
Classification Metrics Brier Score 007
True Positives (TP) 0.25
. . . True Negatives (TN) 0.64
Confusion Matrix (Ratios) False Positives (FP) 007
False Negatives (FN) 0.02
el . . Accuracy (y = 1) 0.91
Class-Specific Accuracy Accuracy (y = 0) 089
TP (n + o) 0.91 £ 0.09
. . e TN (n = 0) 0.04 £0.10
Confusion Matrix Probabilities FP (1 + o) 0.74 + 0.10
FN (n + 0) 0.21 £+ 0.06

2All metrics are computed per graph and averaged over graphs; ratios
therefore need not sum exactly to one.

(BLER) of 10~® for Ultra-Reliable Low-Latency Com-
munications (URLLC) compliance [[19].

o Physical Layer Rate (R) is calculated per 3GPP TS
38.306 [20] as follows:

T

where vrgyers i the number of MIMO layers, @, is the
modulation order, f is the scaling factor, R.,q4. is the code
rate of the selected MCS, Npgrp is the number of allocated
resource blocks, OH is the signaling overhead, and 7 is the
average OFDM symbol duration.

R= ULayers * Qm : f “Reode * : (1 - OH) (9)

VII. RESULTS AND DISCUSSION

As explained in Section we first evaluated the optimal
edge estimation capabilities of the developed model and its
ability to differentiate between optimal and non-optimal edges.

The edge prediction performance of the GNN is summarized
in Table The model achieves a high recall (0.9), indicating
that it successfully identifies the majority of optimal link
candidates while maintaining a very low probability of missing
critical edges. While the precision (0.77) is slightly lower
due to a moderate false-positive rate, suggesting an optimistic
estimate of optimal links, the resulting F1 score of 0.83
demonstrates a robust balance between link discovery and
selection accuracy.

TABLE IV: Mean Performance Summary of Topology Opti-
mization Algorithms

Algorithm Mean Min  Mean Min Data  Mean Execution
SINR (dB) Rate (Mbps) Time (s)
MILP 0.057 27.359 430.560
Pure GWO —1.039 15.191 91.491
Distance-Based Greedy Pruning —4.078 9.597 0.138
GNN + Greedy Pruning —0.540 23.025 0.160
GNN + GWO —0.324 24.057 1.839

Furthermore, the low Brier score (0.07) confirms that the
model is well-calibrated, meaning its predicted probabilities
closely reflect the true likelihood of link optimality. This
high degree of calibration is further supported by the mean
predicted probabilities across the classification outcomes: the
exceptionally high mean probability for True Positives (0.91)
and the very low mean probability for True Negatives (0.04)
indicate that the model’s highly confident estimations are
correct. Conversely, the mean probabilities for False Positives
(0.74) and False Negatives (0.21) indicate that misclassifica-
tions primarily occur when the model’s certainty decreases,
and predictions move closer to the decision boundary.

In the next phase of our evaluation, we benchmark the
GNN-augmented methods against the exact MILP solver and
baselines. Table presents the mean bottleneck link SINR,
minimum E2E data rate, and execution time for each algo-
rithm. The bottleneck link SINR and minimum E2E data rate
are the main points of our performance analysis. Furthermore,
we analyze execution time to quantify the computational
speedup over the exact MILP solver. As shown in the table,
the GNN-augmented algorithms consistently outperform their
pure GWO and distance-based Greedy-Pruning counterparts.
Additionally, integrating the GNN with GWO yields sub-
stantial computational advantages; the GNN-augmented GWO
operates approximately 49.8 times faster than pure GWO. This
significant acceleration is primarily due to reducing the search
space and probabilistically seeding the population rather than
randomly generating it. Among the augmented approaches,
GNN + GWO outperforms GNN + Greedy Pruning. This
superior performance results from the evolutionary nature of
GWO, which thoroughly explores the solution space.

To further evaluate the efficacy of the proposed frame-
work, we analyze the CDF of the optimality gap for both
bottleneck SINR and minimum E2E data rate. The optimality
gap represents the absolute performance difference between
the topologies generated by the heuristic algorithms and the
optimal solutions derived from the MILP. As illustrated in
Figure[I] the GNN-augmented algorithms outperform the pure
baselines. In terms of data rate, GNN + GWO and GNN +
Greedy Pruning match the MILP solution in approximately
85% and 78% of the evaluated scenarios, respectively. Without
GNN guidance, pure GWO and the distance-based baseline
exhibit wider optimality gaps, frequently deviating from the
upper bound by three to five dB or more.

In addition to the aggregated performance metrics, we
analyze the algorithms’ performance as a function of network
size, as illustrated in Figure @ For networks with fewer than
35 nodes, the GNN-augmented algorithms generate topologies
that closely approximate the optimal MILP solutions. Beyond
35 nodes, the optimality gap between the proposed methods
and the exact solver increases.

We attribute this to three primary factors: centrality features
computed over the full node set shift out of their training dis-
tribution as network size grows; the interference-induced line-
graph adjacency densifies, causing a fixed four-layer receptive
field to aggregate over statistically different neighborhoods;
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and the bottleneck objective is governed by a minimum, mean-
ing a single misclassified critical link caps the overall result
while the total link count grows linearly with network size.
The fixed candidate budget £ = 3 compounds this limitation,
as it covers a shrinking fraction of the potential candidates.
A potential mitigation is adaptive candidate selection instead
of a fixed budget, but we leave its formal evaluation to future
work.

Nevertheless, the value added by the GNN becomes increas-
ingly pronounced at scale: the performance margin between
the GNN-augmented solutions and their pure heuristic base-
lines expands significantly as the network size grows. This
scaling behavior remains consistent across both the bottleneck
link SINR and its corresponding data rate.

Finally, Figure [3] illustrates the computational time of the

algorithms, demonstrating the primary advantage of the GNN-
augmented solutions over MILP. As network size increases,
the execution time of the MILP solver explodes, making
it practically unfeasible for deployment. Conversely, GNN-
augmented methods maintain low latency compared to both
MILP and pure GWO. The GNN + Greedy Pruning algorithm
executes in under a second for all network sizes. Meanwhile,
the GNN + GWO approach scales moderately from 1 to 8
seconds. Because GNN + Greedy Pruning achieves topological
performance nearly identical to that of GNN + GWO, it offers
an excellent trade-off for highly time-sensitive applications.

VIII. CONCLUSION AND FUTURE WORK

In this study, we investigate the application of a GNN for
topology creation in an Airborne Network consisting of UAVs
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equipped with directional mmWave antennas. The primary
objective is the maximization of the bottleneck link SINR. To
address the NP-hard complexity of this problem, we develop
and train a GNN to predict optimal edges within a practical
time frame, offering a computationally efficient alternative to
exact MILP solvers. Building on the developed GNN, we
introduce two frameworks for integrating these predictions into
the topology synthesis process: probability-aware greedy edge
pruning and GNN-GWO.

We assess the system performance in terms of computation
time, bottleneck link SINR, and achievable data rate. Our re-
sults demonstrate that the GNN-augmented algorithms signifi-
cantly outperform traditional distance-based Greedy-Pruning
and pure GWO, closely approaching the optimal topology
SINR while drastically reducing computational overhead.

The framework applies to mission profiles in which a swarm
transits to an area of interest and then holds a quasi-static
formation for an interval. Surveillance and disaster response
are the clearest use cases: a swarm monitoring a wildfire
front or relaying for ground teams occupies mission-dictated
station-keeping positions. In coverage tasks flown as parallel-
track sweeps, the geometry is constant along each leg and
changes only at the turns, so re-optimization is driven by
formation changes and residual drift rather than by continuous
motion. What these profiles share is a short window in which
the topology must be recomputed once the geometry does
change, and it is here that our GNN-augmented frameworks
are applicable, returning a near-optimal topology within that
window, whereas an exact MILP solver would still be running
once the formation has moved on.
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