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Abstract—The ultra densification of small cells to meet the
heterogeneous traffic demands of users is a major attribute of
the beyond 5G (B5G)/6G wireless networks which is still being
studied. Unmanned aerial vehicle (UAV) base stations (UBSs)
which can grasp tall buildings and lampposts offer flexible
deployment opportunities to the B5G/6G wireless network more
than do fixed base stations, as they serve as relay nodes to
provide wireless backhauling for ultra-reliable low latency com-
munications. However, the key challenge lies in jointly optimizing
the UBSs deployment and multi-hop wireless backhauling to
minimize the overall energy consumption. This involves finding
the shortest paths with minimum energy costs, which is a mixed
integer linear programming problem that is NP-hard. To tackle
this problem, we propose a combinatorial optimization learning
approach (COLA) that integrates a combinatorial algorithm into
a neural network to quickly and effectively approximate the
solution to the optimization problem. First, the neural network
predicts the “magic” link weights given the application-level
inputs. The link weights are then used by a simple Dijkstra’s al-
gorithm to find the shortest paths for the multi-commodity flows.
We will demonstrate how to decompose the original multi-hop
multi-commodity flow optimization problem into learnable single-
commodity shortest path problems, how to obtain the training
data, and how to backpropagate the gradients incorporating the
combinatorial component during training. We evaluate COLA in
both small-sized and large-sized wireless networks. Our COLA
greatly reduces the computation overhead, while maintaining
near-optimal solution quality in terms of the energy efficiency
of the suggested paths.

Index Terms—Combinatorial optimization learning, Dijkstra’s
algorithm, energy-efficiency, UAV, wireless backhauling

I. INTRODUCTION

As an emerging technology, beyond 5G (B5G)/6G wireless
networks will support the integration of wireless intelligence
that is well tailored for resource management, edge/cloud
computing, and robotics [1|-[3[]. However, there still exists the
fundamental issue of limited wireless network capacity as the
traffic demands from ground users (GUs) grow exponentially
due to the proliferation of connected devices. This motivates
the ultra densification of small cells to increase the overall
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network capacity and meet users’ traffic requirements in
the BSG/6G networks. The traditional method is to install
fixed small-cell base stations (FBSs) with millimeter-wave
(mmWave) wireless backhauling to the macro-BS to cover
the whole network coverage area [4]—[6]. While effective, this
approach significantly impacts capital expenditures due to the
installation and maintenance of FBSs [7], [8|]. Moreover, it
lacks flexibility in accommodating dynamic flow demands,
which can vary across locations and time [9]].

Unmanned aerial vehicle (UAV) base stations (UBSs) are
becoming a part of the BSG/6G wireless network infrastructure
[9], [[10], and serve as relay nodes for mmWave wireless back-
hauling [9]-[|12], leveraging their ability to grasp tall buildings
and lampposts. UBSs are better than FBSs due to their on-
demand deployment by providing enhanced network capacity
and improved connectivity. In addition, UBSs are designed to
operate with low transmission power, allowing for prolonged
service time using robotic end effectors and dexterous grippers
to grasp lampposts [[13]], unlike traditional FBSs which always
incur huge power consumption. According to [9], [13], UBSs
reduce the enormous energy consumption required for tasks
such as flying and hovering by harvesting solar energy [14]
or applying a free space optics-based charging system [|15].

Some important considerations in the deployment of UBSs
include achieving robust backhaul connectivity, ensuring
seamless data transfer between GUs and macro-BS, and
minimizing the total energy consumption. Recent advances
such as the prioritization of certain links [[16] and artificial
intelligence-enabled decision making [17] have made UAV-
assisted wireless backhauling promising. However, this comes
with a limitation on the ability to respond quickly to dynamic
scenarios. For instance, when there is a change in the source-
destination pair of commodity flows or when there is a change
in the required throughput of similar flow demands, the fixed
path becomes inefficient, as some links may not satisfy all
route constraints. Likewise, a fixed path will prevent the reach-
ability of the UBSs to the macro-BS when natural disasters
such as a hurricane or earthquake occurs, as those links
automatically become inexistent or useless due to destroyed
lampposts or buildings. In addition, since the communication
range of UBSs is short, prioritizing one link will compromise
the usability of other links in the network. For these reasons,
UAV-assisted wireless backhauling deserves our attention.
Specifically, the fundamental challenge lies in optimizing the
number of UBSs to be deployed, their locations, and the multi-
commodity flow paths, while satisfying certain user traffic
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requirements, routing constraints, and energy consumption
constraints.

The routing problem can be formulated as a multi-hop multi-
commodity flow optimization problem, which is a mixed in-
teger linear programming (MILP) problem with NP-hardness.
Some works [9]], [18]] have proposed mathematical and heuris-
tic algorithms to approximate the solution to the multi-hop
multi-commodity flow optimization problem. The work in [9]]
presented the UAV-assisted wireless backhauling as a multi-
commodity low-cost flow problem and solved it using an
optimization solver in MATLAB. Likewise, [18] proposed a
greedy algorithm to reduce the search space for the solution
to the routing problem. However, the computational overhead
incurred by the mathematical and greedy algorithms is a matter
of concern in 6G wireless networks where ultra-reliable low
latency communication is one of the key attributes. In addition,
running the optimization solver every time for the MILP
problem in large-scale networks to compute the best paths
is inefficient even if the network topology remains fixed.

As machine learning (ML) continues to revolutionize many
fields, its application to wireless network optimization research
is becoming popular. With ML, an optimization problem
is treated as a mapping function, the output being the op-
timization solution given the input of the problem [19]-
[22]. In many studies, ML has been leveraged to tackle
the computational cost that renders conventional optimization
algorithms ineffective. The works in [23]-[25] focused on
the transmission scheduling problem in wireless networks.
In the studies, the proposed ML approach aimed at learning
the scheduling classes given the problem inputs, such that
the commodity flows are forwarded over multiple hops based
on the scheduling information obtained through ML. Since
the key issue in backhauling is routing, the ML approaches
in [23]-[25] are not applicable, as they only addressed the
transmission scheduling and flow forwarding problems.

As an intersection between ML and mathematical optimiza-
tion, combinatorial optimization learning is increasingly gain-
ing attention in numerous fields. This is because of its unique
advantages which include learning to optimize without explicit
models by leveraging patterns from data, ability to solve hard
combinatorial optimization instances with reduced computa-
tional overhead, generalization to unseen problem instances,
and support for online and context-aware decision making with
high accuracy. In this paper, we demonstrate the paradigm of
“combinatorial optimization learning” for tackling the routing
problem in wireless backhauling. Specifically, we examine the
energy-efficient routing problem in a UAV-assisted wireless
backhauling network similar to that studied in [9]]. For the
multi-hop multi-commodity flow optimization problem, we
can interpret the computation of the routing path of each
commodity flow as a mapping function, where the input
features are the network topology, the source/destination of the
tagged commodity, and the deployment of other commodities
as resource competitors, while the output is the best path
for the tagged commodity flow. We develop a combinatorial
optimization learning approach (COLA) to implement this
idea. The COLA consists of a two-stage design. The first
stage is a neural network that can predict the “magic” link

weights given the application-level inputs. Such link weights
are fed into the second stage to compute the path for a target
commodity flow by the simple Dijkstra’s algorithm. Note that
the proposed COLA can compute the energy-efficient path
for each commodity flow with very low complexity: the ML
layers (which could be as simple as just one layer as shown
by our experiments) plus the simple Dijkstra’s shortest-path
algorithm.

Nevertheless, the proposed COLA in this paper is by no
means trivial considering the following: 1) the link weights
need to be intelligently computed by the neural network in the
first stage, in order to shape the suggested path using Dijkstra’s
algorithm, to be as close as the best path for the original
optimization problem, and 2) the gradient backpropagation
requires a careful design to handle the differentiability over the
combinatorial component and ensure model convergence. In
this paper, we will demonstrate how to decompose the original
multi-hop multi-commodity flow optimization problem into
learnable single-commodity shortest path problems, how to
obtain the training data, and how to train the system handling
both the differentiability and convergence issues.

We evaluate our proposed COLA on small-sized and large-
sized wireless networks showing significant benefits in compu-
tation time reduction, while maintaining near-optimal solution
in terms of UBSs deployment accuracy and path energy
efficiency. This paper further provides results with insights
to assist researchers in understanding the effects of neural
network design choice, loss function selection, and hyperpa-
rameter configurations when implementing COLA.

Our main contributions in this paper can be summarized as
follows:

e The proposed COLA framework explores the paradigm
of combinatorial optimization learning, and, for the first
time, leads to an efficient ML-assisted approach that can
timely and dynamically compute the end-to-end paths for
optimal traffic deployment in B5G/6G wireless backhaul
networks.

e We design a “data decomposition” technique for the
multi-commodity flows to facilitate COLA training and
can be seamlessly applied during inference.

« We provide detailed design and implementation of COLA
to approximate the solution to the multi-commodity flow
optimization problem. This includes gradients backprop-
agation incorporating the combinatorial component, and
the adaptive perturbation of link weights to facilitate
training convergence.

e Our results offer clear insights into how and why COLA
outperforms other ML techniques, thus making COLA
a viable approach for solving complex wireless network
optimization problems.

The remainder of this paper is organized as follows. We
present the system model and the problem formulation in
Section II, followed by the COLA system design in Section
III. Next, we present the proposed COLA for energy-efficient
wireless backhauling in Section IV, followed by numerical
experiments and results in Section V. We give some related
work in Section VI and conclude the paper in Section VII. The
list of acronyms used in this paper is summarized in Table [I|
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TABLE I: List of acronyms.

Acronym | Meaning

COLA Combinatorial Optimization Learning Approach
CTR Computation Time Reduction
DQN Deep Q-Network

EER Energy Efficiency Ratio

FBS Fixed Base Station

GU Ground User

HA Hotspot Area

ILP Integer Linear Programming
LoS Line of Sight

MILP Mixed Integer Linear Programming
ML Machine Learning

MLP Multi-Layer Perceptron

MSE Mean Squared Error
mmWave | Millimeter Wave

PMA Path Matching Accuracy

RL Reinforcement Learning

SLP Single Layer Perceptron
UAV Unmanned Aerial Vehicle
UBS UAV Base Station

UDA UBS Deployment Accuracy

II. SYSTEM MODEL AND PROBLEM FORMULATION

We consider an urban geographical area that has a defined
layout of streets with high-rise buildings and lampposts that
are suitable for the deployment of UBSs to backhaul the
traffic of GUs in a BSG/6G mmWave network. The UBSs are
equipped with robotic end effectors to grasp lampposts, thus
alleviating energy consumption for flying and/or hovering. At
any given time, increased traffic demand is observed in dense
GU locations (i.e., hotspot areas (HAs)), and all GUs’ traffic
is to be backhauled to the macro-BS via mmWave links. We
represent the wireless network as a directed graph G(N, £),
where N\ is the set of nodes comprising: 1) the set of lampposts
with a macro-BS denoted by V, = {1,---,L,0} (with 0
denoting the macro-BS and L denoting the number of lamp-
posts), and 2) the set of UBSs denoted by U« = {1,--- ,U},
where |U/| < L, which means that the number of UBSs should
not exceed the number of possible deployment locations. We
denote the set of HAs by Vg = {1,---,H} with flow
demands D = {1,---,D}, where d € D is the source-
destination tuple of a flow demand, |V | = |D| is the number
of HAs, and th is the amount of GUs’ traffic to be backhauled
for flow d. Note that each HA has a lamppost that a UBS
can grasp for wireless backhauling. The set of edges/links is
denoted by € = {(i,4) : i,4 € Vr,i # j}. The macro-BS
coordinates the deployment of UBSs within the network. A
deployed UBS provides wireless access to its GUs or serves
as a relay node to the macro-BS or both. For simplicity, we
use “nodes” as a generic term to refer to lampposts and/or
UBSs throughout this paper.

Since our setting considers the mmWave frequency band,
we assume a line of sight (LoS) condition for the backhaul
links. This assumption is justified by the deployment of UBSs
atop tall buildings and lampposts in the urban area, where
objects can rarely obstruct the links. Moreover, mmWave
communication employs directional beamforming with high-
gain antennas for signal propagation to reduce the effect of
channel loss [5]], [18]]. Consequently, mmWave signals become
less susceptible to neighborhood interference from other links.

As such, we only consider the signal-to-noise ratio when
computing the wireless backhaul capacity c¢;; of link (i, 5)
as follows:

Pird; "Gl

cij = B min | S¢S log, [ 1+ IT .

where P%, d;j, o, Gyj, o, B, and S¢S denote the unit
transmit power of node ¢, the Euclidean distance between
two nodes, the distinct LoS path loss exponent, the gain of
the directional antenna, the noise power at the receiver node,
the channel bandwidth, and the maximum spectral efficiency
in bits per second per hertz, respectively. To avoid signal
quality degradation, backhaul links are established between
candidate locations that are within a specified range (usually

short range), as long-distance links will cause severe path loss.

Based on the system model defined for G(V, £), we formu-
late the multi-commodity flow optimization problem for the
energy-efficient UAV-assisted wireless backhauling in B5G/6G
networks. The problem formulation incorporates several con-
straints with an objective to minimize the number of UBSs
to be deployed, the number of hops, and the total energy
consumption as follows:
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The optimization problem in (2 is an MILP problem with
an exponential solution space, and is thus NP-hard, with
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complexity in the order O(|D|(2/€) 4 2|V1|?). We define the
binary decision variables in (7) and (8) as follows:

1, if UBS w is dispatched to lamppost @
Liy = .
“ 0, otherwise

1, if link (4, j) carries commodity flow d
Yijd = .
0, otherwise

Constraints (3a) and (3b) ensure that at most one UBS
stays at node i. Constraints (4a)-(4d) enforce that a flow d
begins from the hotspot area ¢ and ends at the macro-BS, with
flow conservation at intermediate nodes (i.e., the net flow at
intermediate nodes is zero) and multi-flow traversing a link.
We assume that there are sufficient radio frequency channel
resources to support multiple flows on a link. Constraint (5)
ensures that the sum of all GUs’ traffic th, that needs to be
backhauled to the macro-BS for all flows traversing link (¢, j)
does not exceed its capacity. Note that without constraints
(6) and (9), the optimization problem would be reduced to
an integer linear programming (ILP) problem which is easier
to solve. The objective function of the ILP problem would
minimize the number of hops and the number of UBSs to be
deployed. However, we include the energy constraint in (6) to
ensure that UBSs operate with minimal energy consumption,
and define the continuous variable for total energy consump-
tion in (9). The total energy consumption e%*®! of UBS wu
when operating at node ¢ is the sum of the traveling energy
e9? from the macro-BS to node i, the grasping energy e, using
its grippers [26], and the communication energy e, for all the
flows. Eqgs. (T0)-(T2) mathematically define these components:

, do;
e =Pt (10)

ey = Pyt (an

ec = (P, + npP")t (12)

where P, is the propulsion power, dy; is the Euclidean distance
between the macro-BS and node ¢, and v is the velocity of the
UBSs in meter per second (m/s). For the grasping energy, P,
is the grasping power, and ¢ is the time in seconds, while for
the communication energy, P, denotes the minimum active
power of the UBS, and 7, is a linear transmission factor [27].

We compare the solutions to the ILP problem and the
MILP problem w.r.t. the number of UBSs and the total energy
consumption in Fig. [[L When the normalized traffic of GUs
for each HA is 0.1, the optimal number of UBSs is 13 for
the MILP problem and 15 for the ILP problem, as shown in
Fig. [Tal The optimal number of UBSs for the ILP problem is
constant for all the normalized GUs’ traffic. This consistency
suggests that the ILP problem models a shortest-path problem
where the costs of all links are uniform. In contrast, the
MILP problem is considered to be a shortest-path problem
with link costs being the energy consumption of the UBSs.
Hence, the MILP problem is more relevant to the UAV-assisted
wireless backhauling in BSG/6G multi-hop networks where an
increase in GUs’ traffic incurs more UBSs deployment, and
as a consequence, increased energy costs, as shown in Fig. [Ta]
and Fig. [Tb] respectively.
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Fig. 1: Comparing MILP and ILP. Illustration is based on a
5 x 5 topology and |Vg| = 10.

III. COLA SYSTEM DESIGN

The concept of combinatorial optimization learning is intro-
duced as a method that leverages the output of neural networks
to solve combinatorial optimization problems that have linear
objective functions and finite discrete state spaces [28], [29]. In
this section, we first present the shortest-path computation for
a single-commodity flow, and then describe the methodology
of gradients backpropagation over the combinatorial compo-
nent in our proposed COLA.

A. Shortest-Path Computation

The optimization problem defined in (2)-(9) can be modeled
as a mapping function with supervised learning. To solve the
multi-commodity flow optimization problem, we first decom-
pose it into single-commodity flow shortest-path problems and
design COLA to quickly and effectively solve it.

For a single-commodity flow, we can compute the shortest
path using a simple low-complexity Dijkstra’s algorithm in
COLA. Specifically, as shown in Fig. 2] the first stage in
COLA consists of a neural network that takes the application-
level information A% as input, and predicts the link weights
W,‘fl to be fed into the Dijkstra’s shortest-path algorithm. In
the second stage, given the link weights ng the Dijkstra’s
algorithm simply finds the shortest path from the source of the
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Fig. 2: Proposed COLA framework for UAV-assisted wireless backhauling.

single-commodity flow to the destination. The path suggested
by the Dijkstra’s algorithm is denoted by PZ, which can be
expressed as:

P? — Dijkstra(W%) (13)

where W2 = fy(A%) is the output of the neural network
(denoted by fy). With proper data design, COLA can be
implemented to compute the shortest paths for the multi-
commodity flow.

TABLE II: List of notations.

Notation | Description

G(N,E) | Network graph with node set N and edge set £
Vi Set of lampposts and macro-BS

Vu Set of HAs

u Set of UBSs

| o] Number of elements in a set

Sf,fafz Maximum spectral efficiency

Cij Backhaul capacity on link (4, 7)

etotal Total energy consumption by UBS w at node 4
A Perturbation hyperparameter for link weights
€ Control parameter for A

Ugl’fT” Optimal set of UBSs for flow d of instance m
Ug(’)TA COLA’s set of UBSs for flow d of instance m
Wf,ll Predicted link weights

er,fl Perturbed link weights

P2 Ground truth path

sz Suggested path based on Wﬂl

pfm Suggested path based on W,;f

B. Backpropagation of Gradients

To train the COLA system in Fig. 2] the gradient computa-
tion needs to be properly defined because of the combinatorial
component. A key challenge arises due to the discrete nature
of the combinatorial algorithm’s output, which provides zero
gradients and renders backpropagation impossible. To tackle
the differentiability challenge and update the neural network
parameters 6, a hyperparameter A > 0 is introduced. This
perturbs the predicted link weight Wf,ll, yielding meaningful

The hyperparameter \ should be chosen to cause a noticeable change in
the solution to the optimization problem, otherwise gradients will be zero.

gradients for backpropagation [29]. The gradient of the loss
w.r.t. the neural network parameters is defined as:

oL; 0Ly 0P owd
90 opg owgd 00
where L; is the loss function that measures the hamming
distance or mean squared error between tround truth path

(14)

d Ad Ly
P and the suggested path Py.. In eq. 1} both 5P and
aws

56> can be easily computed forA backpropagation, but it is
apd

owd *

a function f\(W¢<) is introduced as a

impossible to directly compute
oP;,
To find o i
continuous interpolation of PZ¢ whose gradient computation
is defined as:

~ 1 - ~
VAW = j[p;; - P (15)

where me is the output of the Dijkstra’s algorithm using

perturbed link weights W;if as follows:

g oL
W =wd 4 x. =L (16)
opd
P = Dijkstra(W,) (17)

Therefore, V f,\(Wd is returned as a reasonable replace-
pd

oW,

ment for a{grg in eq. 1) Apparently, the Dijkstra’s algorithm
is used in the forward propagation to obtain Pffl and in
the backpropagation to obtain me. We present the COLA
training procedure in Algorithm [T} Lines 1 to 4 compute
the forward pass by predicting the link weights and using
Dijkstra’s algorithm to obtain the shortest path. Lines 5 to
10 perturb the link weights for backpropagation in updating

the parameters of the neural network fy.

IV. COLA FOR UAV-ASSISTED WIRELESS BACKHAULING

In this section, we present the implementation of COLA
for the multi-hop multi-commodity flow optimization problem.
This includes the design of the training data, the COLA frame-
work, and the methodology for achieving training conver-
gence. The list of notations used in this paper is summarized
in Table [
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Algorithm 1 COLA Training Algorithm

Require: Initialize the parameters of fy and pre-define A
l> FORWARD PASS.
1. Obtain the predicted link weights W5, = fo (Ad)
2: Solve the shortest path P4 = Dljkstra(Wd) using the
predicted link weights
3: save P4 and W for backpropagation
4: return the suggested path P,‘fl

> BACKPROPAGATION.
5: load Pd and Wd from the forward pass
6: Compute perturbed hnk weights ,, ¢ according to eq. ( .
7: Solve P{ using W,% as in eq.
8: Compute gradient V f,\(Wd) as in eq. .
9

: am/:g A vf)\(Wd)

6Pm
owd
11: update the neural network parameters 6

10: return

to compute eq.

A. Decomposition of the Training Data

In this paper, we design the training data for COLA by
generating problem instances for the MILP problem defined
in (2)-(9) and solving them with an optimization solver
(e.g., Gurobi) to obtain the optimal solutions w.r.t. the UBSs
deployed and energy-efficient paths. The dataset denoted by
Dgs = {S1, -+, Sn} contains M instances, where each S,
represents a multi-commodity flow problem instance. It is wor-
thy to note that the optimal true paths of the multi-commodity
flow are not necessarily a shortest-path tree. This is because
the link capacity constraint in (5) can cause the incoming flows
to a node to traverse different outgoing links. This behavior
aligns with the multiple-source to single-destination macro-BS
setting described in Section [l However, our aim is to solve
the routing problem for the multi-commodity flows with a low-
complexity algorithm. We leverage the well-known Dijkstra’s
algorithm [30] to achieve this aim.

First, we develop a data decomposition technique where a
problem instance is decomposed into single-commodity flow
samples with each sample treated as being distinct. For a
problem instance S, that has D,, flow demands, the samples
are S, = {(Ad,P4)Pm}, where AZ, is the application-
level input for the d-th flow demand in S,, and P¢ is the
corresponding ground truth path. Hence, the training data is
the collection of all the samples of the problem instances
denoted as Ds = {(Af, PH)D1, -+ (A%, PP and the
size of the dataset is = Zf\le D,,,. This means that with
the “data decomposition” technique, the training data contains
single-commodity flow samples which can be solved using
Dijkstra’s shortest-path algorithm in COLA.

The application-level input AZ is a vector which contains
the network topology information N; and the normalized
traffic of GUs thgy for each flow in S,,, which is denoted by
Ty, where Ty = (thy,--- ,thp,, ). The vector Ny is a |V |-
dimensional vector, where |Vy| corresponds to the number of
lampposts and the macro-BS in the network. The elements of

the vector N, are represented as follows:

1, if node a is the source of flow d
0.5,
2, if node a is the macro-BS

if node a is a source of other flows in .S,
Ni(a) =

0, otherwise

where N;(a) is the value at position a in vector Ny, and
N¢(a) = 0.5 models the deployment of other commodities
as resource competitors. The vector 7T, has its dimension
being fixed to the maximum possible number of flow demands
the network can handle per time. Hence, the application-level
input vector A%, has a fixed dimension as follows:

= Concat (N, Ty) (18)

where Concat is the concatenation operation for vectors.
The ground truth path for flow d is represented as an
adjacency matrix P2 € {0, 1}VelxVel ag follows:

P, ] 1, if link (4,7) € £ is used for flow d
Ll = . . . .
mitJ 0, otherwise (including diagonal elements)

where P2[i,j] is the value at row i and column j of the
adjacency matrix. We also denote the set of the optimal UBSs
by UM = unique{i,j | P4[i,j] =1, V(i,j) € €} which
contains the unique indices of the UBSs in the ground truth
path P2,

B. COLA Framework

The COLA framework shown in Fig. 2] consists of a neural
network and Dijkstra’s algorithm. The neural network takes
the application-level information of each flow sample as input
and outputs a link weights vector W;fl, which is structured as
a matrix. The matrix VA[/ff1 is then fed into Dijkstra’s algorithm
which computes the shortest path based on the link weights.
We denote the set of the UBSs suggested by COLA as
Udm, = unique{i,j | P%li,5] = 1, V(i,j) € £} which
contains the unique indices of the UBSs in P4, where P2 is
the shortest path suggested by COLA.

1) Neural Network: The neural network in the COLA
framework is a single-layer perceptron (SLP), which contains
an input layer and one output layer with linear activation,
where the number of neurons in the output layer corresponds
to the size of the shortest path P4 matrix. The predicted link

m

weights can be obtained as follows by the SLP:
W =0A% +b (19)

where 0 € RIVLI>xdim(A%) is the parameter matrix, W< €
RIVEl® s the link Welghts to be used by the Dijkstra’s
algorithm, b € RIVzl is the bias vector, and A2 is a column
vector (the dim(.) denotes the dimension of a vector).

We opine that the SLP mitigates the problem of vanish-
ing gradients which deep neural networks suffer from. The
gradients incorporating the combinatorial component should
directly adjust the parameters 6 of the neural network, which
in turn directly updates the link weights W,‘fl in the forward
propagation. In the experiments and results in Section [V] we
compare the performance of the SLP with that of a multi-layer
perceptron (MLP) to evaluate its efficiency and effectiveness.
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2) Dijkstra’s Algorithm for Approximate Solutions: The
Dijkstra’s algorithm is the combinatorial algorithm used by
COLA to find the approximate solution to the original MILP
problem. It is a viable algorithm for finding the shortest path
from a source node to all other nodes in the network, and
also offers low-time complexity in the order O(|VL|?). The
link weights vector Wﬁl obtained from the neural network is
transformed into a matrix using a Vector-to-Matrix operation
and is used by Dijkstra’s algorithm to compute the shortest
path from the source of the flow demand to the macro-BS.
The link weight matrix is as follows:

Jird i) = w; 5, if link (4,j) € €
m{h I = oo, otherwise (including diagonal elements)

where w; ; is the value at the -th row and j-th column of
the ¢ matrix, serving as the weight for link (,) € £. We
set the value of (4,7) ¢ £ to infinity to represent an invalid
or non-existent link, ensuring that Dijkstra’s algorithm avoids
using these links in routing.

To show that COLA provides a feasible solution to the
optimization problem, we prove in Proposition E] that w; ; is
a surrogate for the energy constraint ef°*®! in (6) and that the
shortest paths suggested by the Dljkstra s algorithm are the
energy-efficient paths.

Proposition 1. Assume that flow d arrives at UBS i (meaning
a UBS is in node 1), and the set of outgoing links from the
UBS is {(i,7),(i,k)}. By Dijkstra’s algorithm, flow d will
only traverse link (i,7) if w;; < w;y which indicates that
link (i,7) has a lower cost compared to (i, k).

Proof. Let us define w; ; and w; j, as follows:

w; ;= etotal | gtotal (20)
wz k= etotal + ei:otal (21)

Subtracting eq. (20) from eq. (1) yields:
wi g — w;; = elotal e;_otal 22)

If er]ﬁfotal _ e?otal > 0, then w; ; > w; ;. For link (i, J) to be
in the path, it means w; ; < wj; x, which implies that eﬁ'om <
etotal Hence, link (4, 7) is used for flow d. The link capacity
constraint (5) is also satisfied, i.e., y;jqthq < ci;. O

From the proof, we conclude that a UBS will be deployed to
node j rather than node k. Next, we prove in Proposition [2| that
Dijkstra’s algorithm can find the shortest path that is a feasible
solution for each commodity flow in the MILP problem.

Proposition 2. Consider a flow demand at a given source
node. A UBS will be deployed to this node to begin the
backhauling of the GUs traffic. This satisfies constraint (4a).
Dijkstra’s algorithm will then find the next unvisited node with
the least energy cost to the destination node.

Proof. Let s denote the source node that generates traffic to
be backhauled to the macro-BS. Let £ = {1,--- , K} \ {s}
and C' = {c1, -+, cx } denote the set of unvisited nodes in the
network and their associated costs, respectively. The cost ¢y
is the total energy cost in getting to the destination macro-BS

through node k. Hence, Dijkstra’s algorithm selects the next
node k according to:

k = arg min ¢y (23)

kek
and a UBS is dispatched to that node. This continues until all
the nodes in the network, including the macro-BS, are reach-
able from source node s. This satisfies constraint (4b). ]

The integration of Dijkstra’s algorithm in the COLA frame-
work helps to find a feasible solution which satisfies the
constraints of the MILP problem. At inference time, for a given
problem instance .S, with multi-commodity flows, COLA is
executed for D,, rounds to obtain the corresponding paths.

3) Loss Function: We use the mean squared error (MSE)
loss function for COLA. Unlike the Hamming loss, which
is non-differentiable, MSE allows gradient computation for
training. The MSE loss function L is defined as:

Ve[V

Ly = \VL|2 ZZ

=1 j=1

Pali 4) 24

C. Link Weights Perturbation for COLA Convergence

The backpropagation of the gradients to update the neural
network parameters 6 requires choosing an appropriate value
for the perturbation hyperparameter A > 0. A very small A
causes the model to get stuck in a saddle point, resulting in
zero gradients after a few epochs. On the other hand, a very
large A\ causes severe divergence, where the perturbed link
weights W,/,f deviate from the optimal weights.

To tackle this problem, we propose a method for selecting
an appropriate A value in Proposition |3} We also introduce a
parameter €) to adaptively control the adjustment of A during
training towards COLA convergence.

Proposition 3. To obtain the perturbed link weights W,;fl #*
Wffl, the value of A is important, as it determines whether or
not COLA can suggest good paths for a problem instance.

. 9Ly _ 2(P:-P2)
Proof. From eq. li we obtain oP1 = =T
the derivative of the loss w.r.t. the suggested path PgL. Then,

similar to eq. (T6) we have:

which is

P 2(P% — pd)
Wwd=wd ). Zom__m2 (25)
Vi[?
Rearranging eq. (25), we have:
2
x= (i) L (26)

To find A in eq. , we ignore the (P4 — P4) in eq. (25) as
it only gives the d1rect10n of the gradient. We can deduce that
% >> ( (which depends on the number of nodes in the

network) and since the goal is to have a perturbation such that
W, —Wd| e (0,1], then we must have 0 < X < |VL‘ O

Setting a fixed A value during training causes the gradient to
be zero after only a few epochs, i.e., W, ¢ 4 — Wd To prevent
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this issue, we adaptively control the adjustment of \ using a
control parameter €y > 0 as follows:

At + €y, if Loss; > min(Lossy, -+, Lossi—1)

A1 = .
¢, otherwise

At epoch ¢ + 1, the A value is updated based on the training

loss improvement. Training stops when the loss converges after

several epochs. We show in Section the performance of

COLA for the fixed A and adaptive A settings.

V. NUMERICAL EXPERIMENTS AND RESULTS

We numerically simulate a wireless network for mmWave
backhauling at 28 GHz for typical Manhattan-type [9] urban
environments with street blocks (i.e., buildings). The entire
layout is a 1 km by 1 km square area, suitable for a grid-type
topology with lampposts uniformly positioned along the inter-
section of the streets. The distance between two lampposts d;;
is 50 m in our setting, and this is also the transmission range
of the UBSs. Depending on the needs for ultra-densification
of small cells in an urban area, networks of different sizes can
be deployed dynamically.

Our experiments demonstrate COLA’s performance for a
small-sized deployment area of 250 m by 250 m which is a
5x 5 grid topology and a large-sized deployment area of 400 m
by 400 m which is an 8 x 8 grid topology as shown in Fig. 33
and [3b] respectively. Some of the key parameters used for the
experiments are listed in Table while the hyperparameters
used for COLA are listed in Table [[V] The experiments are
run on an 11th Gen Intel® Core™ i9-11900KF Linux machine
(Ubuntu OS) with 3.50GHz x 16 processors, GeForce RTX
3090 graphics, and a 32 GB RAM.

TABLE III: List of simulation parameters.

Parameter Value
Bandwidth B 1 GHz
Normalized traffic of GUs thg (0,1] bps/Hz
LoS path loss exponent « 3.5

Maximum spectral efficiency Sf,{[afl 4.8 bps/Hz [5]
Transmit power pt® 24 dBm [31]
Distance between two nodes d;; 50 m

Noise power o -170 dBm
Propulsion power P, 125 W [32]
Minimum active power P, 6.8 W [27]
Linear transmission factor 7, 4 W [27]
Velocity v 10.21 m/s [32]
Time ¢ 1 second

TABLE IV: List of COLA hyperparameters.

Parameter Small-sized network | Large-sized network
Number of SLP neurons | 257 = 625 647 = 4096
Perturbation parameter A | 250 1640

Control parameter €y 50 330

Learning rate 5e~4 He~4

Batch size 300 400

Epochs 9 47

Regularization early stopping early stopping
Optimizer Adam Adam

A. Evaluation Metrics

The evaluation of COLA is based on three metrics defined
as follows:
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(a) Deployment area of the small- (b) Deployment area of the large-
sized network (5 x 5) topology. sized network (8 X 8) topology.

Fig. 3: Illustration of grid-type layouts showing location of
lampposts and macro-BS (the red top-right corner node).

1) UBSs Deployment Accuracy: The UBSs deployment
accuracy (UDA) measures the similarity between the set of
UBSs suggested by COLA and the set of optimal UBSs for a
problem instance S,,. It is mathematically expressed as:

> [Uopr NUCo1s
200 [UGpt U U1
The UDA metric is the higher the better and it is in percentage.
A lower numerator means wrong UBSs selections and a higher
denominator means dissimilarities between the two sets.

2) Energy Efficiency Ratio: This is the metric that describes
the energy efficiency of the suggested paths by COLA. It is the
ratio of the optimal total energy cost obtained by the bench-
mark solver (i.e., Gurobi) to the total energy cost obtained
by COLA. Network service providers rely on this metric to
analyze and estimate the operational cost when backhauling

GUs’ traffic to the macro-BS. The energy efficiency ratio
(EER) for a problem instance .S, is computed as follows:

D, total
P ZkeUgl;;" €k

D, total

d=1 2<keUd™ ©k

UDA = x 100 (27)

x 100

(28)

The EER metric is the higher the better and it is in percentage.
The EER is low when the denominator increases, which
indicates that the suggested paths deviate from the optimal
energy-efficient paths by some degree. We opine that the
EER metric is sufficient to measure COLA’s performance in
finding the best paths for a given optimization instance. This
is because the solution to the MILP problem are often non-
unique (i.e., there are multiple paths with the same total energy
costs). Hence, for this reason, we do not explicitly evaluate
the “path matching accuracy” (PMA) metric. Although in the
ablation study of COLA, we use the PMA alongside the UDA
to compare performance.

3) Computation Time Reduction: This measures the com-
putation time reduction (CTR) when COLA is used to find
the approximate solution for a problem instance relative to the
computation time obtained from using an optimization solver
like Gurobi to solve the original MILP problem. The CTR is
computed as:

topr — 1
CTR = (OPTCOLA) x 100 (29)

topT
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Fig. 4: Comparison between the optimal paths obtained by Gurobi and the paths suggested by COLA.

where topr is the time it takes to find the optimal solution
to the MILP problem using Gurobi, and fcoLa is the total
computation time using COLA in predicting the “magic”
link weights and finding the shortest paths with Dijkstra’s
algorithm. Both topr and fcora are in seconds. The CTR
metric is the higher the better and it is in percentage.

For the performance evaluation, we conveniently use the
number of HAs, rather than the number of flow demands
for the wireless backhauling context, but they have the same
meaning, i.e., |Vg| = |D|.

B. Performance in a Small-sized Network

The small-sized network is a 5 x 5 grid topology which
consists of 24 lampposts uniformly positioned within the 250
m by 250 m layout and a single macro-BS located on the
top-right corner in the layout as illustrated in Fig. Ba The
lampposts are the candidate locations where the UBSs can be
deployed for wireless backhauling, and the maximum number
of UBSs is 24, which is to support heavy traffic situations
(i.e., the deployment of the UBSs to all the lampposts). We
run a simulation to generate the problem instances and their
solutions using Gurobi optimization solver. The solution from
Gurobi serves as the benchmark for the proposed COLA. For
the problem instances, the number of HAs varies and the HAs
are random. The training data consists of 71,000 instances for
each |Vy| € {4,---,8} making a total of 355,000 instances.
The test data consists of 1,000 different instances for each
[Vu| € {2,---,10}. This means that we evaluated COLA on
smaller and larger numbers of HAs that are not seen during
training. In order to capture dynamic scenarios, the generated
instances have different normalized traffic for GUs.

1) UDA and EER of COLA: In Table we demonstrate
the performance of COLA on all the metrics, and the result is
an average of 1,000 instances for each number of HAs. COLA
achieves up to 92.57% for the UDA when the number of HAs
is 4, and for the case where the number of HAs is 9, COLA can
achieve up to 83.97% for the UDA. The corresponding EER of
97.45% and 91.36%, respectively, shows that COLA’s shortest-
path solution is near-optimal. This is also evident in the light
traffic scenarios of 2 HAs and heavy traffic scenarios of 10
HAs, where COLA achieves up to 98.51% and 91.11% for the
EER, respectively. This is remarkable, considering that COLA
is only trained with data consisting of |[Vg| = {4,---,8}.

We use Fig. [ to illustrate an example of COLA’s solution
quality in comparison with the benchmark. In the example,
there are 3 HAs having GUs traffic that needs to be backhauled
to the macro-BS. In the Gurobi solution shown in Fig. fa]
(where all links are assumed to have perfect LoS), the total
number of hops is 12, and 8 UBSs are deployed. In contrast,
COLA’s solution in Fig. [db] has the same number of hops but
deploys 9 UBSs. Although the number of hops is the same for
both Gurobi and COLA, we focus on the energy-efficiency of
the paths which depends on the number of UBSs deployed. In
this example, the total energy consumption by using COLA’s
suggested paths is 15.90 kJ, while the optimal total energy
consumption is 14.50 kJ, which gives an EER of 91.19%. This
shows that COLA can suggest feasible paths with close-to-
optimal energy cost for a given problem instance. In addition,
Fig. shows that with COLA, the constraints of the original
MILP problem are satisfied: 1) there are no more than one
UBS on a lamppost, 2) traffic from all the source nodes get
to the macro-BS, 3) multiple flows can traverse a link (e.g.,
{(19,24),(24,0)}), and 4) flow conservation is guaranteed in
intermediate nodes. This means that the paths suggested by
COLA form a feasible solution to the MILP problem.

Since COLA achieves good performance for the LoS sce-
nario in Fig. fb] we further investigate its performance under
challenging non-LoS scenario where a high-rise building en-
tirely blocks the transmission path between two UBSs, creating
a “shadow region” behind it where the signal is weak or lost.
The macro-BS, which coordinates the deployment of UBSs,
also has global network information and can quickly deactivate
any non-LoS link (¢, 7), thus facilitating COLA to avoid such
links in future backhauling tasks (i.e. Wi, 5] = co). This
is demonstrated in Fig. 4c| where link (19, 24) suffers signal
blockage and COLA finds an alternate path to the macro-BS.
The total energy consumption using COLA for the non-LoS
scenario is 16.51 kJ, which gives an EER of 87.82%, and this
is achieved without any retraining or fine-tuning.

2) CTR of COLA: The computation time in solving the
problem instance increases w.r.t. the number of HAs, both
for Gurobi and COLA as shown in Table However, with
COLA, the computation time is greatly reduced owing to
its capability to directly predict the link weights to find the
shortest paths, unlike Gurobi which needs to solve the NP-hard
MILP problem. In Table [V} for |Vy| = 10, COLA achieves
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TABLE V: Performance evaluation of COLA for a small-sized network.

# of HAs UDA % EER % topT tcoLa CTR %
2 88.02 98.51 0.059 £ 0.015  0.003 £ 0.00 95.41
3 90.70 97.35 0.084 £+ 0.030  0.004 £ 0.00 95.35
4 92.57 97.45 0.106 £+ 0.044  0.005 £ 0.00 95.10
5 86.46 94.96 0.144 4+ 0.080  0.006 £ 0.00 95.56
6 88.23 94.56 0.160 £ 0.082  0.008 £ 0.00 95.19
7 87.37 93.64 0.166 & 0.049  0.009 £ 0.00 94.63
8 86.83 93.24 0.170 £ 0.052  0.010 £ 0.00 94.06
9 83.97 91.36 0.198 £+ 0.053  0.012 £ 0.00 94.19
10 84.93 91.11 0.202 £+ 0.049  0.013 £ 0.00 93.77
a CTR of 93.77% with tcora = 13 ms, which means that 18
COLA can swiftly find the near-optimal UBSs to be deployed - MILP
16 . COLA

and construct the mmWave backhauling to the macro-BS,
when the number of HAs is as high as 10. Besides that, the
computation complexity of COLA is constant as shown by the
standard deviation of ¢cora, Wwhere we have £ 0.00. The reason
for the constant complexity of COLA is because Dijkstra’s
complexity is O(|VL|?) (it only increases w.r.t. the number of
HAs) which depends on the number of nodes in the network
topology, unlike the standard deviation of topr which varies
stochastically because of the changes in the constraint matrix
for different problem instances.

3) Adaptability to Dynamic GU Traffic: In real network
environments where traffic demands are spatiotemporal distri-
butions, their routing solutions vary accordingly. For instance,
during the daytime, the amount of GUs traffic is usually high
(referred to as high-peak period), and at nighttime the amount
of traffic is low (referred to as off-peak period). During high-
peak periods, the number of UBSs to be deployed increases,
which in turn increases the total energy consumption. In Fig.
[l we evaluate COLA’s performance when the amount of GUs
traffic (i.e., normalized) varies from 0.05 (off-peak) to 0.25
(high-peak). The number of HAs is 8, and the results are the
average of 1,000 instances.

For both COLA and the MILP benchmark, the average num-
ber of UBSs and energy consumption increase as the amount
of GUs’ traffic increases, as shown in Fig. [5a] and Fig. [5b}
respectively. For the off-peak period of 0.05, COLA suggests
13.11 UBSs which is 13% higher than the MILP benchmark.
However, this performance gap decreases to 1.18% for the
high-peak period of 0.25, thus showing that COLA greatly fa-
vors high-peak traffic settings in BSG/6G networks. Regarding
energy consumption, COLA achieves a performance close to
the MILP benchmark as the amount of GUs traffic increases,
as shown in Fig. @ When the amount of GUs’ traffic is 0.05,
COLA achieves 24.35 kJ energy, which is 9.05% higher than
the MILP benchmark. On the other hand, when the amount of
GUs’ traffic increases to 0.25, COLA achieves 24.53 kJ energy,
which is only 3.37% higher than the MILP benchmark.

4) COLA vs. Naive ML: In Fig. [6] the performance of
COLA is compared with a Naive ML approach which tries to
predict whether or not a link in the topology should be active
given the application-level input. This also means predicting if
a UBS should be deployed to the lampposts to establish those
links. This approach trains a multi-label MLP classifier, where
each class label is a binary value with 1 denoting an active link
and 0 otherwise. The MLP has 2 hidden layers and an output
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Fig. 5: COLA’s generalization to dynamic traffic of GUs.

layer with |£| neurons. The hidden layer neurons use ReLU
activation and the output layer neurons use sigmoid activation.
Note that this method is naive as it does not find the shortest
path solution for the problem. Hence, we can only evaluate its
performance based on the UDA metric. From the comparison
in Fig. [l COLA outperforms the Naive ML method in all
cases of the number of HAs.

C. Comparison between COLA and DON

A reinforcement learning (RL) approach that uses a deep
Q-network (DQN) with experience replay [33]] is compared to
COLA. The state space, action space, and reward function are
defined as follows:
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TABLE VI: Comparing COLA and DQN for a small-sized network.

# of HAs 2 3 4 5 6 7 8 9 10

UDApon 32.66 30.17 2770 28.71 2846 2296 2471 24.65 2635

UDAcora 80.67 8845 87.81 83.00 8224 8521 83.02 &81.41 80.81

EERpgN 6123 6191 6580 6690 6493 6444 6589 69.11 69.05

EERcoLA 93.08 9499 92,62 9300 89.76 91.53 90.17 89.80 88.37

CTRpon 7041 6957 7006 6997 6854 6467 6096 6157 57.69

CTRcoLa 9422 9523 9510 9549 9513 9450 94.00 9429 93.72
obtain single-commodity flow samples to facilitate the DQN.
100 Table shows the results of using 1,000 instances for each
o ol il \Vu| € {2,---,10}. This means that both COLA and DQN
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Fig. 6: UDA comparison between COLA and Naive ML for
the small-sized network.

10

1) State Space: This reflects the environment observed by
the agent (i.e., the current UAV). The state space is defined as
S; = (A%, 1,), where AZ, is the application-level information
for a single-commodity flow (as in eq.[I8) and 1, is the one-
hot vector that represents the current UAV w.

2) Action Space: The action space consists of the UAV’s
neighbors, ie., A; = (u' | ' € N(u)), where N(u) are the
neighbors of UAV u. At each state S, the agent (i.e., UAV)
can select an action v’ € A; corresponding to the next hop.

3) Reward Function: Since the goal is to reach the destina-
tion macro-BS with minimum energy consumption, the reward
R; is defined as:

etotal — 3" cp €w, if macro-BS is reached

Ry = { —pey, if v’ € P or u' # macro-BS when ¢ = Tpx
—eyr, otherwise

where el is the optimal energy obtained from the MILP

solver which serves as a “reward” signal in finding energy-
efficient paths and e, is the energy consumption by UAV v’
when selected from the action space. There is a p term (p = 5
in our setting) in the reward function that is used to penalize
the algorithm if the selected action v’ results in a loop or if
the algorithm does not find the path within the maximum steps
Tmax required. Agents select actions based on the e-greedy
policy. The parameters of the DQN are those used in [|11]] and
(33].

The training data used for the performance comparison
between COLA and DQN consists of 10,000 instances for each
[Vu| € {4,---,8} making a total of 50,000 instances. We
consider the small-sized network for the comparison. Similar
to COLA, we apply the data decomposition technique to

are evaluated on smaller and larger numbers of HAs that are
different from those used in training.

The result of the DQN in Table shows the limitation
of RL in achieving a close-to-optimal solution. First, the
UDA score is low since there is no reward for selecting
the exact nodes as the optimal solution (this is because the
optimal solution itself is not always unique), but the COLA
loss function helps mitigate this issue. Second, the EER
obtained by using the DQN-based routing method is low
compared to COLA, because DQN requires a large number
of routing scenarios which is time-consuming to train. This is
not the case with COLA: by using the same limited number
of training instances, its performance on the EER metric is
significantly higher than DQN. Third, the computational cost
incurred in running the DQN algorithm during inference is
higher than that of COLA, expressed by the CTR metric
(the higher the better). In contrast to COLA which directly
outputs the suggested path from source to destination in one
round, the DQN-based routing method requires several rounds
(corresponding to the number of hops) to compute the path.

In summary, the UAV-assisted backhauling is a challenging
problem for RL methods (e.g., DQN) to solve. To achieve
a performance close to COLA, the RL agents (i.e., UAVs)
need to collaborate with each other to know how their local
decisions affect the global energy consumption. This will
require huge communication and computation overhead w.r.t.
the training time for the algorithm to converge.

D. Performance in a Large-sized Network

The large-sized network is an 8 x 8 grid topology which
consists of 63 lampposts uniformly positioned within the
400 m by 400 m layout and a single macro-BS located on
the top-right corner in the layout as illustrated in Fig. [3b]
The maximum number of UBSs is 63. The training data
consists of 83,000 instances for only |Vgy| = 10 and the
HAs are random with different normalized traffic for GUs.
The test data consists of 1,000 different instances for each
[Vu| € {3,4,5,10,15,--- ,20}. This means that COLA was
trained only with instances having 10 flow demands, but we
evaluated its performance on smaller flow demands as well as
very large flow demands (up to 20 HAs).

As shown in Table [VII, COLA achieves a UDA of up to
75.32% and this is for the case where there are 19 HAs. The
EER is up to 89.15% for |Vy| = 3 and the minimum is 79.24%
for |Vy| = 18. We observe that there is not much difference
in the UDA and EER of smaller and larger |Vg|, and this
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TABLE VII: Performance evaluation of COLA for a large-sized network.

#of HAs UDA % EER % topT tcoLA CTR %
3 75.31 89.15 0.896 + 0.792  0.016 &+ 0.00 98.23
4 73.24 88.79 1.262 £ 0.818  0.021 £ 0.00 98.33
5 72.50 85.66 1.784 4+ 1.480  0.026 £ 0.00 98.54
10 72.79 82.12 5.761 + 4.974  0.056 + 0.00 99.02
15 74.79 81.03 7.388 £ 7.176  0.079 £ 0.00 98.94
16 72.38 79.68 7.356 + 6.935  0.083 + 0.00 98.87
17 73.81 80.03 6.985 £ 5.846  0.089 £ 0.00 98.72
18 72.14 79.24 6.927 £+ 4.559  0.096 £ 0.00 98.61
19 75.32 80.16 6.029 + 3.677  0.099 + 0.00 98.36
20 75.24 80.75 6.168 = 4.071  0.106 £ 0.00 98.27

is because the COLA has learned to generalize to unseen
instances, as evidenced by the UDA and EER performance
in the extremely complex scenario of |Vy| = 20 (the UDA is
higher and the EER is close to that of |Vgr| = 10 which COLA
is trained with). Comparing the computation time of COLA
and Gurobi, we show in Table that for [Vy| = 15, while
topr 1s 7.388 seconds, tcoLa is only 79 ms, yielding a CTR of
98.94%. Similar to its performance in the small-sized network,
the time complexity of COLA is constant for the problem
instances, as the standard deviation of tcopa is &= 0.00 for all
|V |. For the small-sized network and large-sized network,
the computation time of COLA is in milliseconds (ms), with
the highest being 106 ms for |Vg| = 20 in the large-sized
network. Hence, COLA offers a promising benefit of achieving
low-latency backhauling in BSG/6G wireless networks.

It is worth mentioning that the performance comparison of
COLA with Naive ML for the large-sized network is similar
to that of the small-sized network shown in Fig. [6| However,
due to the page limitation of this paper, we do not further
show this comparison.

E. Ablation Study of COLA

We conducted some ablative experiments to provide insights
on the impact of the different components of COLA on
the UDA metric. Here, we also use the PMA metric for
comparison. It measures how perfect the suggested path is
to the optimal path and it is the higher the better. For the
ablation study of COLA, the performance is only evaluated for
the small-sized network and the training is set to 150 epochs.
The components we examine are:

1) Number of Neural Network Layers: We evaluate the
effect of the number of layers on COLA’s performance. As
shown in Table when the number of layers is reduced
from four to one, the UDA and PMA greatly improve from
70.56% and 39.96% to 83.22% and 62.18%, respectively,
comparing row 1 and row 7. This is because with multiple
layers in MLP, the gradients become progressively smaller as
they are being passed from the last layer to the first layer in
the MLP.

2) Activation Function: The choice of the activation func-
tion plays a critical role in training COLA. As shown in
Table for the case of three layers in row 4, we observe
that using ReLLU activation causes the UDA and PMA to
significantly drop by 37% and 59%, respectively, relative to the
performance when Linear activation is used in row 3. While
Linear activation can handle derivatives of negative inputs,

ReLU takes the derivative of negative inputs as zero. Hence,
during backpropagation, most gradients are zero for ReLU and
the neural network parameters no longer update.

3) Batch Selection: We compare two methods for selecting
batches from the dataset. The random selection method ran-
domly orders the batches for each training epoch, whereas the
fixed selection method uses the same order of the batches for
each training epoch. In Table the fixed batch selection
method in row 11 outperforms the random batch selection
method in row 8. The rationale behind this is that, with
the fixed method, the neural network parameters are updated
progressively over the training epochs, unlike the random
method which causes inconsistent parameter updates and
slower convergence. Assuming at the first epoch the batch
order is {1,2,3,4} and at the second epoch, the batch order
changes to {4, 1, 3, 2}, there will be oscillations in the gradient
flow due to the randomness in the batch selection.

4) Batch Size: The size of the data batch is an important
hyperparameter for COLA. From the experiments, we observe
that using a batch size of 302 gives the best UDA and PMA.
Increasing the batch size to 817 or reducing it to 151 reduces
COLA’s performance as shown in rows 7 to 9 of Table
for comparison.

5) Loss Function: Defining an appropriate loss function
can greatly influence COLA’s performance as shown in Table
[VIIT] (rows 6 and 7), where using the MSE loss achieves a
better performance than the hamming loss (HL). With the MSE
loss, we achieve a UDA and PMA of 83.22% and 62.18%,
respectively, whereas for HL, the UDA and PMA are 73.70%
and 44.63%, respectively. The HL does not provide useful
gradients during backpropagation despite using its relaxed
definition as follows:

1 Vel Vel g L
HL = ‘VL|2 Zzpm[zvj] : (1 _Pm[zij

i=1 j=1

+ Plingl- (1= Poli.f) - (30)

This means that the MSE is a better loss function for the
implementation of COLA.

6) Perturbation with A\: We compare the performance of
COLA when a fixed A value is used to perturb the link weights
and when an adaptive A value is used. In row 11 and row 12
of Table we show that setting a fixed A value achieves
a performance of 87.20% and 69.76% for the UDA and
PMA, respectively, whereas with an adaptive A\ (using €, as
control parameter), the UDA and PMA increase to 89.19% and
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TABLE VIII: Ablation study of COLA.

Row ID  # of Layers  Activation  Batch selection  Batch size  Loss function  Perturbation (\) | UDA % PMA %
1 Four Linear Random 151 MSE Fixed 70.56 39.96
2 Four Linear Random 151 MSE Fixed 74.23 44.87
3 Three Linear Random 151 MSE Fixed 72.86 44.87
4 Three ReLU Random 151 MSE Fixed 46.01 18.36
5 Two Linear Random 151 MSE Fixed 79.76 55.98
6 One Linear Random 151 HL Fixed 73.7 44.63
7 One Linear Random 151 MSE Fixed 83.22 62.18
8 One Linear Random 302 MSE Fixed 85.24 65.98
9 One Linear Random 817 MSE Fixed 81.50 57.81
10 One Linear Random 302 MSE Adaptive 84.98 66.70
11 One Linear Fixed 302 MSE Fixed 87.20 69.76
12 One Linear Fixed 302 MSE Adaptive 89.19 73.22

73.13%, respectively. With extensive experiments, we found
that setting ex ~ 0.2\ achieves better training stability (see
Table [[V] for actual value).

To further compare performance, we used a subset of the
training data and run COLA for over 1000 epochs to observe
the convergence based on fixed A\ and adaptive A. According
to Fig. [/} setting a fixed A halts the training after about 190
epochs as there is no improvement in the loss, whereas with
adaptive \, the training loss continues to decrease, leading to
a better convergence, but at a cost of more training epochs.

0.010
—— Fixed A
0.008 4 —— Adaptive A
% 0.006
o
w
(2]
= 0.004 A
0.000

0 200 400 600 800 1000
Training epochs

Fig. 7: Convergence w.r.t. perturbation hyperparameter.

The results from the ablation study reveal that using an SLP
with Linear activation function and MSE loss, in combination
with a fixed batch selection (and batch size of 302), while
using an adaptive A perturbation hyperparameter, gives the
best performance for COLA, as shown in row 12 of Table

VI

F. Applicability of COLA and the Practical Challenges in 6G
Non-Terrestrial Networks

In 6G non-terrestrial networks (NTNs), UAVs move rapidly,
causing intermittent topology changes. This affects the relia-
bility of the network due to unstable links [34]. Furthermore,
the power constraints of the UAVs make an energy-efficient
communication protocol a necessity. The implementation of
COLA for 6G NTNs has potential to address the problem of
dynamic topology changes, but with a limitation on additional
factors such as interference, very high mobility of GUs, and
unpredictable weather conditions. COLA’s remarkable perfor-
mance in maintaining energy-efficient communication among

UBSs in both small and large networks offers promising
insights in mitigating the UAV power constraint problem in
6G NTNs.

The strict latency requirement for time-sensitive applica-
tions remains a factor to be addressed. Although COLA
achieves a latency of 106 ms for backhauling in the large-
sized network, a latency of ~30 to 50 ms is the expectation in
6G NTNs. This remains a research direction to be explored,
but we recommend using lightweight hardware accelerators
for COLA to achieve improved latency. On the other hand,
COLA’s ability to solve very complex scenarios in 6G NTNs
(e.g., dynamic channel conditions, spectrum sharing, and beam
coordination) still needs to be studied. We envision that
COLA’s modular structure can be extended to account for
such dynamics, for instance, by integrating real-time link state
estimations into the neural network input.

VI. RELATED WORK
A. State of the Art of UAV-Assisted Wireless Backhauling

The conventional FBSs wireless backhauling approach suf-
fers drawbacks in terms of the installation and operating costs
of the FBSs [8§]], especially when considering the dynamic
wireless network environment where the traffic load of small
cells changes stochastically in space and time. Also, when
natural disasters happen, GUs get disconnected from the
terrestrial network as a result of damaged FBSs. To effec-
tively restore network connectivity, UAVs need to be quickly
deployed to the affected disaster areas. Recent studies have
examined UAVs in emergency communication networks. The
work in [35] focused on the joint optimization of the macro-
BS power allocation, UAV service zone selection, and user
scheduling to improve the sum spectrum efficiency. In a bid
to achieve throughput fairness among GUs, the work in [36]]
investigated the 3-D UAV trajectory design and band allocation
problem, with an objective to maximize total throughput and
fairness with the minimum energy possible. Several other
works [37]-[40] have also addressed similar problems related
to UAV location, flight trajectory, and resource allocation from
an optimization perspective. With the flying ability of UAVs,
they can be integrated into the wireless network infrastructure,
to assist the backhauling of GUs’ data to the macro-BS.

Some benefits of leveraging UAVs for wireless backhauling
in B5G/6G networks have been investigated in the literature
[9l], [18]]. The work in [9] proposed the concept of UAVs as
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robotic aerial small cells (RASCs) in 6G wireless networks,
where the RASCs are equipped with grasping end effectors
to grasp tall buildings and lampposts to enhance connectivity
and serve as relay backhauling nodes to the macro-BS. The
study shows that the RASCs can assist in reducing the energy
consumption of wireless backhauling compared to the use of
FBSs. The work in [18] extends [9] by focusing on the RASCs
serving both as an access point for the GUs and as relay nodes
for wireless backhauling. Both [9] and [[18]] formulated an
MILP problem to minimize the number of RASCs, the number
of hops, and optimize the total energy consumption, although
[18]] includes the maximization of the traffic demand on each
route. While the work in [9] solved the MILP problem with
an optimization solver in MATLAB, [18] proposed a greedy
algorithm to find the near-optimal solutions.

Prior to [9], [18], the works in [14], [15], [41]] had con-
sidered UAVs for wireless communications, where the UBSs
are used to transmit data from GUs to the macro-BS by
optimizing the flight time and flight path to minimize the
power consumption and maximize the total harvested energy
by the UBSs. The system model is such that a single UBS is
deployed to collect data from the GUs in different locations
and fly back (while harvesting solar energy [14]] along the
flight path) to offload the data to the macro-BS [15], [41].
However, the works in [9]], [18] opined that multiple RASCs,
rather than a single UBS, can be flexibly deployed to perform
energy-efficient wireless backhauling in dense urban areas,
while providing wireless access to GUs.

B. Machine Learning for Network Flow Optimization

Known for its rich capability in learning complex data
structure and making predictions, ML has been a powerful
tool in wireless networking research in addressing challenges
in the areas of resource scheduling [19], [25], [42], routing
[43]]-[45]], mobility [44], and localization [44], [46]]. Several
works [[19], [25]], [42] have proposed ML frameworks to tackle
the computational complexity issues of traditional algorithms
in solving NP-hard problems like network flow optimization.
The work in [19] proposed a self-supervised ML approach for
accelerating the optimization of wireless network capacity for
integrated access and backhauling (IAB) in B5G/6G networks,
where the scheduling and forwarding are coupled in the
network flow problem formulation. Similarly, ML has been
exploited to achieve significant performance gain in wireless
network optimization, such as leveraging a deep learning (DL)
approach to reduce the problem scale of a flow constrained
optimization problem by predicting the set of unused links
to be removed from the topology before running the linear
programming for a problem instance [42]]. RL techniques
have also been proposed as a viable approach for wireless
network optimization. The work in [47] proposed a deep RL
(DRL) algorithm for the independent set scheduling in wireless
networks, while [35[, [37], [40] proposed a DRL approach
for UAV zone selection, power allocation, and sum spectrum
efficiency.

Prior to COLA, convolutional neural networks (CNN),
recurrent neural networks, and DRL have been proposed to

address routing problems in wireless networks [33], [44],
[48]], [49]. The work in [48]] proposed a deep CNN-based
method for intelligent routing decisions in a wireless backbone
network consisting of several routers, but the proposed method
is not practically scalable to large-sized networks as it requires
training the deep learning model in an online fashion. The
work in [33] proposed a DRL-based routing strategy in a
flying adhoc network (FANET). Specifically, a DQN is trained
to select the next hop node in the FANET according to the
Q-values predicted by the model [33]. The work in [50]]
proposed an RL approach to improve the achievable data rate
in an IAB network, where the UAVs are integrated to enhance
wireless connectivity and traffic forwarding in mission-critical
and high-risk situations.

DRL methods have largely been proposed for UAV-assisted
wireless backhauling. The works in [11]], [43]], [50]-[52] con-
sider the role UAVs play in B5G/6G networks in the context of
enhancing backhauling when the users’ locations change and
the traffic demand varies. Specifically, [51] designed a DRL
algorithm to solve the network flow optimization problem,
where the objective is to jointly optimize the 3-D locations of
the UBSs and the flight path to accommodate the dynamically
changing user distribution, while maximizing the backhaul
link rate. This is similar to the work in [11] which proposed
a dueling double deep Q-network (D3QN) to optimize UAV
placement in dynamically changing traffic conditions in a 5G
IAB network, while striking a balance between fronthaul and
backhaul connectivity. The work in [43]] also proposed Q-
learning geographic-based routing algorithm to improve the
network performance of UAVs in high-mobility scenarios. The
objective is to achieve high-packet delivery ratio by selecting
the best routes for the UAVs, while reducing the network
overhead.

It is worthy to note that RL methods are particularly
beneficial when the decision making is sequential, which is
what most of the RL-related works on wireless backhauling
have proposed. However, for large-scale dynamic network
management where the route planning is important before
traffic forwarding, DRL cannot provide scalable solutions due
to the state space and action space explosion as the number of
nodes, links, and flows increases. Another issue is the reward
design - an RL algorithm needs to find the routing paths for
all the source-destination pairs of the multi-commodity flows
before providing rewards, which can hinder effective learning
in the sense of sparse rewards. Likewise, the solution time of
RL algorithms in finding the sequential hops for a network
flow to the destination can be high if the agent is interacting
in an unknown environment that is very different from the
environment it observed during training.

With the prevailing issues of conventional ML approaches,
in this paper, we propose the combinatorial optimization learn-
ing paradigm for UAV-assisted wireless backhauling, which
has not been explored before in the literature, to the best of
our knowledge. The closest to our work is [28], [53]], where
the fusion of DL with combinatorial optimization is proposed,
by leveraging a DL model to predict the values of one of the
decision variables in a linear optimization problem, while the
optimization solver computes the remaining decision variables.

Authorized licensed use limited to: lllinois Institute of Technology. Downloaded on October 17,2025 at 02:36:32 UTC from IEEE Xplore. Restrictions apply.
© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Vehicular Technology. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TVT.2025.3622156

This only reduces the size of the constraint matrix and the
solution-search space. Also, the studies considered problems
that are not related to wireless networking, which makes
them greatly different from the complex wireless backhauling
presented in this paper.

VII. CONCLUSION

This paper has considered mmWave backhauling in UAV-
assisted wireless networks by proposing COLA to solve the
multi-commodity flow optimization problem which is well-
known to be NP-hard. At any given time, when traffic from
multiple GU locations needs to be backhauled to the macro-
BS, COLA can directly suggest the energy-efficient paths with
greatly reduced computation cost. The adoption of COLA for
the MILP problem in this paper is important, considering the
next generation of wireless networks, which is envisioned to
be artificial intelligence-driven at multiple levels. The COLA
in this paper provides clear insights on the methodology of
leveraging ML as a disruptive tool to solve complex combina-
torial optimization problems in wireless networking, to meet
the requirements of reliability and efficiency.
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