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Abstract—This paper summarizes the PhD research work
conducted on resource orchestration in disaggregated Open RAN
(O-RAN) architectures. In O-RAN, the gNB radio protocol stack
is split into virtualized functions— Centralized Unit (CU), Dis-
tributed Unit (DU), and Radio Unit (RU)—that are dynamically
deployed across edge and regional cloud infrastructures. This
architectural transformation introduces new challenges in man-
aging computing, radio, and transport resources while satisfying
diverse Quality of Service (QoS) requirements.

Our research is structured into three major contributions.
First, the problem of CU/DU placement is addressed under fixed
User Equipment (UE)-to-RU associations through an Integer
Linear Programming (ILP) formulation and a Bi-directional
Long Short-Term Memory (Bi-LSTM)-based Recurrent Neural
Network (RNN) heuristic for scalable inference. The second
contribution extends the model to jointly optimize CU/DU place-
ment and UE-to-RU association, with a decomposition heuristic
and an enhanced RNN-based solution. The proposed models
significantly outperform conventional baselines in terms of user
admittance and runtime. Finally, an energy-aware extension
is introduced to minimize total system power consumption by
consolidating workloads and managing radio and computing
resources activation aiming to enhance the sustainability of O-
RAN orchestration while maintaining QoS guarantees.

Index Terms—Open RAN, resource allocation, UE association,
CU/DU placement, ILP, RNN, energy efficiency.

I. INTRODUCTION

A. Thesis Context and Motivations

The Radio Access Network (RAN) forms a foundational
component of wireless communication systems, bridging user
devices and the core network. As 5G and Beyond 5G (B5G)
technologies emerge, new architectural paradigms are required
to meet increasingly stringent demands for high data rates, low
latency, and massive device connectivity. In this context, the
Open Radio Access Network (O-RAN) initiative has emerged
as a transformative approach, grounded in the principles of
openness, disaggregation, and intelligence [1]-[3].

O-RAN decomposes the traditional base station into three
logical, virtualized components: the Centralized Unit (CU),
Distributed Unit (DU), and Radio Unit (RU). These functions
are dynamically deployed over a cloud-native infrastructure,
referred to as the O-Cloud, which is composed of hetero-
geneous computing nodes at the edge and regional levels,
as shown in Figure 1. This architectural flexibility enables
multi-vendor interoperability and paves the way for intelligent,
service-aware orchestration strategies. In this context, my PhD
thesis objectives consist of designing dynamic deployment
strategies for O-RAN’s disaggregated components, mainly

CUs and DUs, through coordinated orchestration of comput-
ing, radio, and transport resources. This paper highlights the
main contributions of my PhD thesis, published in 4 papers
and an ongoing contribution yet to be submitted. Our works
in [4] and [5] address the dynamic placement of CU and
DU functions in O-RAN environments under diverse network
conditions and constraints. A further development integrating
joint UE-RU association with CU/DU placement is introduced
in [6], and a detailed RNN-based heuristic for solving the joint
problem with extensive performance evaluation was presented
in [7].

B. Major Challenges and Problem Statement

The disaggregated nature of O-RAN architecture intro-
duces new challenges in orchestrating heterogeneous resources
across a distributed and virtualized infrastructure. A key issue
is the efficient placement of CU and DU functions on edge
and regional cloud servers, while ensuring that strict Quality
of Service (QoS) constraints are satisfied for various service
types such as enhanced Mobile Broadband (eMBB), Ultra-
Reliable Low-Latency Communication (URLLC), and massive
Machine-Type Communication (mMTC).

As a first contribution, we address the CU/DU placement
problem under the assumption of fixed UE-to-RU association.
The goal is to determine optimal placements that maximize the
number of admitted UEs, subject to computing and latency
constraints. This problem is modeled as an Integer Linear
Programming (ILP) formulation and further tackled through
a Bi-LSTM-based RNN heuristic that provides real-time ap-
proximations of the optimal placement decisions.

In the second contribution, we extend our work to jointly
optimize CU/DU placement and UE-to-RU association, reflect-
ing the full flexibility enabled by disaggregated O-RAN. The
resulting joint problem introduces higher complexity due to the
coupling between radio access and cloud placement decisions.
To solve this issue, we propose a sequential decomposition
heuristic that separates association and placement stages. An
enhanced Bi-LSTM RNN model is also developed, capable of
predicting both association and placement decisions.

Finally, in the third and ongoing contribution of this PhD
project, energy efficiency is incorporated into the orchestra-
tion process. By modeling both computing and radio power
consumption, the extended framework aims to minimize total
system energy usage while preserving service-level guarantees.

C. Thesis Contributions

The main contributions of this PhD are as follows:
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Fig. 1: O-RAN Cloud deployment scenarios [8]

« CU/DU Placement Optimization: An ILP model is for-
mulated to optimize the placement of CU and DU func-
tions under static UE-to-RU association. A Bi-LSTM-
based RNN heuristic is developed to approximate optimal
placement with real-time execution.

« Joint Placement and Association: The model is ex-
tended to jointly optimize CU/DU placement and UE-
to-RU association. A decomposition heuristic and an
enhanced RNN are proposed to address scalability and
inference efficiency.

« Energy-Aware Orchestration: An ongoing extension
integrates computing and radio energy consumption into
the optimization framework to improve the sustainability
of O-RAN deployments.

The remainder of this paper is organized as follows. Sec-
tion II reviews related work on VNF placement, UE asso-
ciation, and energy efficiency in O-RAN. Section III details
the first contribution. Section IV presents the extended joint
placement and association model. Section VI evaluates the
performance of the proposed models. Section VII describes
the ongoing energy-aware orchestration work. Finally, Sec-
tion VIII concludes the paper.

II. RELATED WORK

A. VNF Placement and UE Association in O-RAN

Disaggregated O-RAN architectures have motivated exten-
sive research on the placement of virtualized network functions
(VNFs), such as Centralized Units (CUs) and Distributed
Units (DUs), and the association of User Equipments (UEs)
to Radio Units (RUs). Studies in [9], [10] optimize DU
placement and radio resource allocation for energy efficiency
and cost reduction but assume fixed CU locations, limiting
flexibility. Reinforcement learning is used in [11] to jointly
optimize CU/DU placement and UE-RU association, but it

overlooks QoS differentiation. Other works, including [12]-
[15], address functional split placement and deployment cost,
yet they often lack dynamic user-level association or admission
control mechanisms. While these models address parts of
the orchestration problem, they do not jointly capture QoS-
aware admission, multi-resource constraints, and dynamic UE
association as comprehensively as our work.

B. Deep Learning-Based Solutions in RAN

Deep learning, particularly Recurrent Neural Networks
(RNNs), has been applied to RAN for resource schedul-
ing [16], [17], mobility prediction [18], and congestion control.
In [19], a Bi-LSTM model is trained to approximate ILP so-
Iutions for centralized RAN placement. However, most works
assume limited system constraints and focus on forecasting
or control. In contrast, our RNN heuristic emulates an ILP
model with full placement constraints in a disaggregated RAN
setting, making it suitable for real-time orchestration under
complex dependencies.

C. Energy Efficiency in Open RAN

Reducing energy consumption in O-RAN has gained at-
tention at both the computing and transport layers. Green-
RAN [20] introduces a scalable placement framework us-
ing metaheuristics, while [21] and [22] tackle compute and
transport energy optimization under QoS constraints using
ILP and DRL. The recent model in [23] proposes a com-
prehensive MILP framework incorporating VNF migration,
server, and transport energy, yet it lacks user-level association.
Our ongoing work fills this gap by integrating energy-aware
server and RU management within a full-stack QoS-compliant
orchestration framework.

III. CONTRIBUTION 1 — CU/DU PLACEMENT
OPTIMIZATION

Our first contribution focuses on the flexible placement of
CU and DU functions in an O-RAN infrastructure. In this
work, UE-to-RU associations are assumed to be fixed and
based on proximity. The goal of this contribution is to optimize
CU and DU deployment decisions across heterogeneous edge
and regional O-Cloud resources in order to maximize user
admittance while respecting computing and delay constraints.
This work is published in [4], expanded and comprehensively
evaluated in [5].

A. System Topology

We consider a disaggregated Open RAN deployment com-
posed of a set of UEs U/, a fixed set of RUs R, and a hierarchy
of O-Cloud servers H, divided into edge (Hg) and regional
(Hpg) hosts. Hosts H are connected via physical links &
forming the network graph G(H,E).

B. CU/DU Placement Model

DU functions are exclusively deployed at edge hosts,
whereas CU functions can be placed at either edge or re-
gional hosts. Binary decision variables 22Y and €Y indicate
whether DU and CU for UE u are deployed on host h,
respectively.

The following constraint ensures that for each UE, exactly

one DU and one CU are placed:

§ : DU __ § : cU _
xu,h - xu,h - ]-a

heHEr heH

YuelU. (1)



C. Computational Resource Constraints

Each host h has a limited processing capacity Gj, (in
GOPS). The processing load in GOPS of DU and CU place-
ments per user u is computed as:

FU 2

giU:a (3A+A13M C-L/3) "RB,, 2
where FU € {CU,DU} and oV = 10%, oPV = 50%
reflect the split of processing load based on functional split
7.2x and 2, as in [15]. RB,, is the fixed number of Resource
Blocks allocated to user u. We denote by M the modulation
bits (i.e., the number of bits per symbol), C' the coding rate, L
the number of MIMO layers, A the number of antennas, and
RB,, the number of resource blocks assigned to user w.

The total computing resource used at each host must not
exceed its capacity:

> (9"
ueU
D. Midhaul Delay Model

We consider that the delay experienced by a UE is attributed
to midhaul (MH) (link between CU and DU) propagation
delay.

For each UE u, the MH delay is computed as:

P, — Py
i@y e S Bl oo on @
hheH UFiber

‘rgff{ + gEU z, h) < Ghv Vh € H (3)

where vpper denotes the propagation speed over fiber, and || - ||
is the Euclidean distance between the CU and DU hosts.

E. Our Proposed Solutions

Our goal is to maximize the number of admitted UEs,
conditioned on the system’s ability to meet their computing
and delay requirements under fixed UE-to-RU associations.
We formulate the CU/DU placement optimization as an ILP
problem defined as:

DU .CU
m;;iXE Oy = E €s(u) T b " Tt (5)

subject to (1), (3) and (4)

where a,, indicates the admission of UE u, €,y is a priority
weight defined for each slice requested by UE u, s(u).

The placement optimization problem is first formulated as
an ILP model to maximize user admittance while satisfying
computing and delay constraints across the O-Cloud. While the
ILP provides optimal solutions, its computational complexity
grows rapidly with the number of users, limiting scalability.
To address this issue, we develop a Recurrent Neural Network
(RNN) based heuristic, trained to approximate the ILP output.
The model focuses on predicting CU and DU placements per
user based on system context.

The RNN is built using a Bi-directional Long Short-Term
Memory (Bi-LSTM) architecture to capture per-user sequence
dependencies. This RNN model is trained using optimal so-
lutions generated by the ILP and tested over varied network
instances. Each UE is encoded as a feature vector (position,
service type, QoS requirements,..) while outputs are structured
as one-hot encoded decisions for DU and CU placement.

IV. CONTRIBUTION 2 — JOINT PLACEMENT AND UE-RU
ASSOCIATION

In our second contribution, the placement model is extended
to jointly optimize both CU/DU placement and UE-to-RU
association. This extension reflects a more realistic and flexible
orchestration scenario where user attachment to the RU is not
static as before but driven by performance-aware decisions.
The goal remains to maximize user admittance under the com-
bined constraints of computing, radio, and transport resources.
This work is published in [6] and further expanded with an
RNN-based heuristic in [7].

A. System Model

The system topology remains the same as described in
Section III, with a set of UEs U/, RUs R, and O-Cloud hosts
H=HgUHEg.

1) UE-RU Association Model: Each UE u € U must be
associated w1th exactly one RU r € R, indicated by binary
variables U The number of Resource Blocks (RBs) required
by UE u on RU r is determined by:

_ [
RB,, = |~ | (©)
Mo

where A (,) is the data rate requirement for the service slice
of user u, and 7, is the achievable spectral efficiency from
Shannon’s theory [24].
2) Radio Resource Constraints: Each RU r can allocate at
most M, RBs per TTIL. The newly added constraints are:
Single RU association per UE:

§ : RU _
xu,rfla

reER

Yu el @)

Slice-based RB allocation per RU:
Zp,,.,s <M, VreRr (®)
seS

RB sufficiency constraint:

RBUvT'xur _p75(u)7 VUGU,TGR 9)

3) Updated Placement Constraints: The association and
placement variables are now dependent. Each user must have
exactly one CU and DU placement, and one RU association:

mei quh—quh, Yu e U

reR heHE heH

(10)

The computing resource and delay models remain un-
changed from Contribution 1 but now depend on the selected
RU as well.

4) E2E Delay Model: The End-to-End (E2E) delay consid-
ered in this contribution for each user is the sum of midhaul
(CU-DU) and fronthaul (DU-RU) propagation delays over
fiber. The MH delay is already defined in (4). The FH delay
is defined as follows:

=3y e =Bl fU,

v
reR heH Fiber

(1)

The total E2E delay must respect the maximum latency
thresholds set per service.



B. Our Proposed Solutions

In this contribution, the orchestration framework is ex-
tended to jointly determine the UE-to-RU association and
the placement of CU/DU functions per user. Our objective
is to maximize the number of admitted UEs whose QoS and
resource constraints can be satisfied. We formulate this by the
following MILP model:

max S ay = € - 2BV Y 4 CU

P 22% ggéhg;;iggi o ’ ’

subject to (3), (4), (7), (8), (9), (10), and (11).

To address its computational hardness, we implement the

following solutions:

e An ILP formulation solved using CPLEX for optimal
benchmarking.

e A sequential decomposition heuristic that solves the as-
sociation and placement decisions in two stages.

e An extended Bi-LSTM Recurrent Neural Network (RNN)
model that jointly predicts the UE-to-RU association and
CU/DU placement per user. This model, presented in [7],
uses a multi-label Bi-LSTM architecture to infer both
association and placement decisions from the same input
feature sequence.

(12)

V. SIMULATION FRAMEWORK

The simulation setup, used across both contributions 1 and
2, comprises |R| = 4 RUs distributed over a square area
of 1 km?. UEs are uniformly distributed within this area.
The system operates with a 20 MHz bandwidth, yielding 100
RBs per Transmission Time Interval (TTI) at each RU. Radio
parameters include 4 antennas, 2 MIMO layers, and 64-QAM
modulation.

The number of UEs varies from 20 to 100, covering both
underloaded and overloaded scenarios. UEs are assigned to
network slices following the distribution in [15], with 25%
eMBB, 25% uRLLC, and 50% mMTC users. The required
data rates are set to 20 Mb/s, 5 Mb/s, and 1 Mb/s for
eMBB, uRLLC, and mMTC slices, respectively. The number
of required RBs per UE is calculated using Shannon’s capacity
formula, accounting for a distance-based path-loss model and
a transmission power of 30 dBm. The O-Cloud infrastructure
consists of |H | = 3 edge cloud nodes located 5-10 km from
the RUs, and one regional cloud node placed 40-80 km away.
The computational capacity of edge hosts is uniformly sam-
pled from 100 to 200 GOPS, while regional hosts range from
1000 to 2000 GOPS, in line with [13]. Latency constraints
are slice-dependent, midhaul delay thresholds are randomly
sampled from [100, 300] ps for uRLLC, set to 500 ps for
eMBB, and 1000 ps for mMTC users. Fronthaul delay bounds
are fixed at 100 ps across all slices, as in [15]. The ILP
formulations are solved using IBM CPLEX [25] on a machine
with an Intel® Core™ i9-11950H CPU and 16 GB RAM.

VI. EVALUATION AND DISCUSSION

This section summarizes key evaluation results for the mod-
els developed throughout the aforementioned contributions.
We assess the performance of the proposed ILP formulations
and heuristic approximations under a variety of network con-
ditions, resource limitations, and service requirements.
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We evaluate the models presented in both Contribution
1—the placement optimization only referred to as Placement-
Only, and Contribution 2—the joint placement and associa-
tion and the sequential solution referred to as Optimal and
Sequential, respectively, against the following baselines:

o Edge-Only Model: All CU and DU functions are stat-
ically placed on edge-cloud hosts. This setup mimics a
fully distributed RAN (D-RAN) architecture.

o CU-Regional Model: CU functions are placed on the
regional cloud host, while DU functions remain on edge
hosts. UE-to-RU associations are dynamic. This model
resembles a centralized RAN (C-RAN) setup.

We consider 100 instances of the previously described
models by randomly varying UEs’ (i) location and (ii) type
of requested service. The averages are accompanied by error
bars based on confidence intervals of 90%.

Figure 2 illustrates the average UE admittance ratio under
varying user densities. The Optimal solution achieves the
highest admission rate, while the Sequential model performs
closely, with a gap of about 6%. The Placement-Only model
(Contribution 1), lacking dynamic RU association, performs
well under low load but degrades as system load increases. The
Edge-Only and CU-Regional baselines show weaker perfor-
mance due to resource overload and latency violations, respec-
tively. The RNN heuristic model introduced in Contribution 2
is evaluated in terms of admission. Figure 3 shows that the
RNN heuristic maintains a maximum optimality gap of 9% in
admittance compared to the ILP solution.

In terms of computational efficiency, Figure 4 highlights
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the advantage of the proposed RNN. While the ILP incurs a
high runtime (over 100 seconds), and the Sequential approach
reduces this to a few seconds, the RNN heuristic executes in
just a few milliseconds regardless of the system load, making it
suitable for integration within O-RAN for real-time decisions.

To conclude, Contribution 1 enables flexible cloud de-
ployment and improves over static baselines. Contribution 2
further enhances performance through joint resource alloca-
tion, yielding higher admission. The RNN heuristic shows
excellent scalability, offering real-time decisions with minimal
optimality gap.

VII. CONTRIBUTION 3 — ENERGY-EFFICIENT
ORCHESTRATION (ONGOING WORK)

Our third contribution, currently in progress, focuses on
enhancing the sustainability of O-RAN orchestration through
energy-aware placement strategies. Unlike previous models
that aim at maximizing user admittance, this work aims to
minimize the total system energy consumption by jointly
optimizing computing and radio energy costs. Given that
RAN accounts for 70-80% of the total energy consumption in
telecom networks [26], improving energy efficiency is crucial
in O-RAN standardization. Accurate energy models can guide
operators in selecting optimal deployment and configuration
strategies while ensuring QoS guarantees.

Our current work aims to address energy reduction at
both the server and RU levels. At the O-Cloud layer, energy
savings are achieved by consolidating workloads to minimize
active hosts and idle processing. At the radio access level,
energy efficiency can be further enhanced through Physical
Resource Block (PRB) blanking, allowing RUs to deactivate
unused RBs and conserve power. Coupled with our dynamic
UE-to-RU association model (Contribution 2), this technique
can maximize RB aggregation and promote RU sleep modes
without degrading QoS.

While our final objective is to account for all major
components of energy consumption (including link transport
energy, VNF migration cost, etc.), we currently focus on the
integration of server-level and RU-level energy models.

A. Energy-Aware Optimization Model

To capture server-level energy consumption, we introduce
binary activation variables I, € {0,1} for each host A,
denoting whether the server is powered on or off. The total

TABLE I: Power Consumption Parameters

Parameter Value (W)
Static power per edge server (P:tgﬁi) . 120
Static power per regional server (P:teﬁ?"a) 200
RU power (active mode) (Plgﬁ'vc) 397
RU power (sleep mode) (Plil[efp) 40

computing power consumption Peomp comprises both dynamic
and static energy components as in [20]:

1
Pomp= ), Pedge'a'z > (o7 apdy + g lall)

heHp reR seS
; 1
regional =~ CcU _.CU h .
+ Z P G Z Zgﬂs Tys,h + Patic * Ih
heHr h rerses heH

13)

where, P2¢and Prgiond represent the dynamic energy con-
sumption per GOPS of processing load at edge and regional
servers, respectively, and P . is the static power consumption
term that accounts for the baseline energy required to maintain
host h operationally active. It is worth noting that in (13),
the placement decisions are defined on a per-service basis
rather than per-user. This is more realistic from a deployment
perspective, as server activation decisions can be made at the
service level. For instance, Y, denotes the placement of a
CU instance handling service s at RU 7 on host h.

At the RAN level, we extend the energy model by integrat-
ing RU activation. A binary variable I, € {0,1} is defined
for each RU r, indicating whether it is active. RU activation
depends on the association of at least one user to RU r. The
RU energy model is formulated, inspired by [27], as follows:

reR

(14)

Our new objective is to minimize the total energy consump-
tion of the system P,:
min = Pow = Pcomp + Fry. (15)
subject to the constraints defined in previous contributions,
refined to make placement per service per RU, ensuring service
requirements and resource limits are still respected.

B. Preliminary Framework and Evaluation

The evaluation of our energy-aware orchestration frame-
work is currently in progress. To establish a baseline for
performance, we consider the same network topology and
simulation parameters described in Section V, while ensuring
that both radio and computing resources are provisioned to
have an under-loaded system, where all UEs can be admitted.
Otherwise, no energy gains can be achieved. We use parameter
values inspired by [20] and [27]. The power-related settings
are summarized in Table 1.

Initial evaluation results demonstrate significant energy
savings when using the proposed energy-aware orchestration
model, compared to a baseline scenario in which all servers
and RUs are kept active. As illustrated in Figure 5, the energy
saving decreases as the system load increases. The load is
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computed in terms of the combined utilization of computing
resources (GOPS) and radio resources (RBs). However, even
at 85% average system load, our approach achieves more
than 30% energy savings, thanks to the joint optimization of
resource allocation, user association, and selective activation
of infrastructure components.

Ongoing simulations will further quantify the energy sav-
ings under varying load conditions and extend the model to
integrate transport link energy components and VNF migration
costs, where we anticipate further improvements.

VIII. CONCLUSION

This paper summarizes the PhD dissertation and the associ-
ated four publications that address key challenges in resource
allocation and orchestration for disaggregated Open RAN
(O-RAN) networks. The first contribution has focused on
optimizing the dynamic placement of CU and DU functions
across edge and regional cloud nodes, formulated as an ILP
problem and approximated via a Bi-LSTM-based heuristic to
ensure real-time applicability. In the second contribution, the
model was extended to jointly include UE-to-RU association.
A sequential decomposition heuristic and an enhanced Bi-
LSTM learning model were proposed to address scalability
while preserving performance. These models were shown to
significantly outperform baseline strategies in terms of user ad-
mittance and execution time. In our ongoing work, an energy-
aware orchestration extension is introduced to minimize both
computing and radio power consumption by consolidating
workloads and activating only necessary infrastructure com-
ponents. This work aims to contribute towards energy-aware
network management in future O-RAN deployments.
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