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Abstract—Radio Access Network (RAN) disaggregation collaborative techniques for functions such as interference

consists in splitting the baseband functionalities of a base station
between centralized processing centers and distributed locations
close to the radio units. This is becoming a key trend in the
roadmap from fifth to sixth generation (6G) systems because it can
lead to a more efficient utilization of computational, storage and
power resources. To achieve these improvements, a proper
functional split selection is required, balancing the benefits of
centralization with the costs of transporting data over the
fronthaul (FH). In this context, this paper proposes a Deep Neural
Network (DNN)-based solution to select the functional split on a
per-cell basis with the objective of minimizing energy
consumption. In order to find an optimal model, a genetic-based
optimization procedure is used to adjust the weights and biases of
the DNN given the non-differentiable nature of the loss function.
Lastly, this work analyzes the optimality of DNN output split
combinations compared to an exhaustive search approach under
given problem constraints.

Keywords— Beyond 5G, RAN disaggregation, functional split
selection, Deep Neural Network.

L INTRODUCTION

As we transition to future mobile communications systems
beyond the fifth generation (B5G) and towards the sixth
generation (6G), the Radio Access Network (RAN) is expected
to adopt a more flexible, intelligent, and disaggregated design,
as envisaged for example by the Open RAN (O-RAN) Alliance
[1]. The introduction of Artificial Intelligence (Al)-based
applications into network management drives this
transformation, enabling autonomous data processing,
informed decision-making for network elements, and more
efficient RAN operations. Containerized Al-based applications
can be embedded within the near real-time RAN Intelligent
Controller (near RT-RIC) and non-real-time RAN Intelligent
Controller (non-RT-RIC) described in the O-RAN architecture.
Furthermore, flexible and disaggregated designs are also
facilitated by the availability of computing and storage
resources across different parts of the network infrastructure,
forming a compute continuum that ranges from the cell sites at
the network edge up to centralized cloud data centers.

A Base Station (BS) includes a Remote Radio Head (RRH)
for Radio Frequency (RF) processing and a Baseband Unit
(BBU) for signal processing functions and upper layers of the
radio interface protocol stack. While earlier generations
collocated RRHs and BBUs at cell sites, the current trend to
achieve a disaggregated and softwarized RAN is to centralize
some baseband (BB) functions in data processing centers
connected to cell sites via fronthaul (FH) links. This approach
enables resource pooling, statistical multiplexing, and

coordination. Moreover, this architecture efficiently handles
the complex requirements of advanced features in B5G
systems, like massive Multiple Input Multiple Output (MIMO).

The split of RAN functionalities (e.g. orthogonal frequency
division multiple access (OFDMA) processing, channel coding,
digital modulation, etc.) between the cell site and a central
location is referred to as a functional split. The ability to
dynamically change this split based on network conditions (e.g.
traffic demands, FH bandwidth constraints, or computing
capabilities) is known as flexible functional split management.
This concept was first introduced by the iJOIN project in [2]
through the so-called RAN as a Service (RANaaS) concept.
Many surveys have analyzed possible split options, considering
requirements, complexities, latencies, advantages, and
disadvantages [3][4][5]. Our recent work [6] assessed the
computational costs of the different BB functions at the
physical layer and presented a model for characterizing
computational and FH bandwidth requirements in both uplink
(UL) and downlink (DL) transmissions with different
functional splits. For each split option, the aggregated
requirements at both the cell sites and central location were
evaluated. Results showed that deciding the functional split
embraces a trade-off between the benefits of centralization and
the costs associated with FH data transmission between the cell
sites and the centralized processing centers.

The problem of determining the optimal functional split
under certain constraints has been addressed in recent literature.
In [7], heuristic algorithms are proposed to solve a zero-one
packing problem using a pure integer non-linear programming
model. Similarly, authors in [8] approached the problem from
a delay perspective, employing a minimum delay policy and
numerical methods within a nonlinear program. Additionally,
[9] presented a migration strategy aimed at reducing FH
overload in split transitions. The authors in [10][11] propose
heuristics to select the optimal functional split among four
possibilities solving a mixed integer non-linear problem. Our
prior work [12] provided an architectural framework for
solving the functional split selection under varying load
conditions and derived an initial optimization analysis subject
to FH constraints using exhaustive search. However, as
network configurations become more complex, conventional
heuristic algorithms or exhaustive search optimization may
struggle to efficiently explore the vast search space. In this
direction, machine learning has emerged as a promising
approach to solve such complex problems. Reinforcement
Learning (RL) is commonly used in functional split selection to
address dynamic discrete optimization problems. For instance,



[13] and [14] use Q-learning and SARSA policies to select the
optimum functional split to minimize the system power
consumption. Overprovisioning, virtual resource instantiation,
reconfiguration, routing, and computing costs are also
considered in [15], which builds an RL solution based on Q-
learning and a regression-based neural network. In [16], an
actor-critic framework is employed to solve a combinatorial
problem for optimizing the energy and delay of central and
distributed platforms subject to Quality of Service (QoS)
constraints.

With the increasing options for defining the functional split
associated with the disaggregation and softwarization of the
B5G RAN together with the extensive use of highly
computational demanding features such as mMIMO, the
problem of determining the optimal functional split becomes
increasingly challenging and has to deal with a huge number of
possible network configurations. With multiple split options,
cells, sectors and sites, traditional optimization techniques like
heuristic algorithms can take considerable time to find a
feasible solution, and RL algorithms are well-known to present
significant challenges for large discrete action spaces [17].
Moreover, potential solutions based on supervised learning
would require labeled training data that may not be readily
available. In these cases, getting the labels with the optimum
solutions for each training data sample would involve an
exhaustive search optimization process, which can be
computationally prohibitive for large datasets and large
network architectures.

To address this limitation, the contribution of this paper is
to propose a versatile deep learning solution relying on
unsupervised training for optimal functional split selection,
aiming to minimize energy consumption. Building on the work
in [6] and [12], the proposed solution integrates a detailed
characterization of the computational and FH costs into the
training process to reduce the energy consumption of
processing platforms. The use of a Deep Neural Network
(DNN) with unsupervised training enables learning from
unlabeled data, making it adaptable to a wide range of network
architectures without the need for specific labelled training
datasets. In addition, due to the non-differentiable nature of the
problem’s loss function, this paper also proposes the use of an
evolutionary algorithm for optimizing the DNN weights, as an
alternative to traditional gradient-based methods.

The rest of the paper is organized as follows: Section 11
presents the considered scenario and the optimization problem.
Section IIT develops the proposed deep learning solution and
the unsupervised training process. Finally, Sections IV and V
present the results and conclusions, respectively.

II.  PROBLEM STATEMENT

The considered scenario depicted in Fig. 1 assumes a 5G
RAN composed of K sites numbered as k=1,...,Ks. Each site
has K. sectors numbered as j=1, ..., K., each one supporting
a single 5G NR cell over a certain frequency and bandwidth.
The BB computing resources are distributed between a central
location, which includes the Baseband High (BBH) resources,
and individual sites, which include the Baseband Low (BBL)
resources. The BBL resources host the physical (PHY) layer
functionalities of the site’s sectors based on the selected
functional split. Similarly, the BBH resources host the PHY

layer functionalities of multiple sectors/sites, again determined
by the selected functional split. The FH network interconnects
sites with the central location. The specific FH topology may
vary depending on the use case, but it generally involves a unit
that multiplexes the data from the different sectors of a site,
referred to as the Site Switch Unit (SXU) in Fig. 1, and a unit
that multiplexes the data coming from different sites, referred
to as the Central Switch Unit (CXU) in Fig. 1. An SXU and a
CXU are interconnected via a FH link with maximum capacity
Rrnmax (Gb/s) in each direction, i.e. UL (from SXU to CXU)
and DL (from CXU to SXU).

Let us denote as S the set of possible splits that can be
selected for each sector and site. Then, X;; € S denotes the
functional split configured in the j-th sector and the k-th site.
Additionally, we define the vector of selected functional splits
per sector and site as X={X;;| i=1,....Ks, j=1,....K,.c}. Besides,
it is also convenient to define X« as the vector with the
functional splits for all the sectors of the k-th site, denoted as
Xi={Xxj | j=1,....Ksec} .

The amount of computing resources at BBH and BBL is
modelled as a number of cores, a general term that reflects a
partition of compute resources in smaller processing sub-units,
which can be applied to different computing architectures, such
as Central Processing Unit (CPU) cores, Digital Signal
Processing (DSP) cores, Graphics Processing Units (GPU)
cores, etc. Then, let us assume that the BBL at one site has a
total of sz max cores, each with computational capacity Ypp; in
Millions of Operations Per Second (MOPS). A core in one site
can host BB functions of any of the sectors in the site. Similarly,
the BBH at the central location has npggm. cores to serve the
needs of the Ky sites (i.e. total pooling applies). The
computational capacity of a core at the BBH is Y3z MOPS.
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Fig. 1 High-level representation of the considered scenario.

A given split vector X determines the PHY layer functions
executed at the BBL and BBH for each sector/site, as well as
the data to be transferred over the FH in both UL and DL
directions. The actual computational requirement at the BBH to
support the configured splits in all the sectors/sites is denoted
as Cppu(X), while the computational requirement at the BBL of
the k-th site is Cpzr(Xy). The number of cores required at the
BBH is [ Cszu(X)/ Y55 | where [x] denotes the lowest integer
that is greater than or equal to x. Similarly, the number of cores
required at the BBL of site k is[ Czr(Xx)/Yzs: |. To save energy,
any excess cores beyond these requirements until 7zar,mac and
npsL,mex can be switched off. For modelling purposes, let us
define as e=egp;/eppy the ratio between the energy cost of one



active core at the BBL egp; and the corresponding cost of one
active core at the BBH eppn. Since computational cost can be a
major constraint at remote sites [18], provisioning energy
resources at the BBH is assumed to be more cost-effective than
at the BBL, implying £>1. Moreover, the FH link bandwidth
requirements between the CXU and the SXU of site £ when
implementing the functional splits Xx are denoted as
Renpr,(Xe) and Rey vz (Xx), respectively, for DL and UL.

With the above notation, the optimization problem consists
in finding the vector X that minimizes the total energy cost
while maintaining the FH bandwidth requirements in DL and
UL for each site below the FH link capacity. Mathematically,
this is formulated as:
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The constraints (2) and (3) impose that the number of
required cores in BBH and BBL, respectively, must be lower or
equal than the maximum number of available cores. Similarly,
the constraints (4) and (5) impose that the FH requirements
must be lower or equal than the FH link capacity.

The optimization must consider various parameters that
impact the computational and FH bandwidth requirements
according to the model defined in Section V of [6]. Some of
these parameters, such as subcarrier spacing, channel
bandwidth, time division duplex (TDD) structure, and Fast
Fourier Transform (FFT) samples, can be assumed constant or
semi-static. However, others like the Physical Resource Block
(PRB) occupation per cell, vary dynamically based on spatial
and temporal traffic conditions. Therefore, the optimal
functional split X should be determined whenever there are
changes in these dynamic parameters or traffic conditions. This
paper focuses on the optimization of X considering the
variation in the number of occupied PRBs in UL and DL,
assuming average values for code rates, modulation indexes,
and MIMO layers per sector.

III. DEEP NEURAL NETWORK SOLUTION

A. Motivation

In the considered problem there are |S| possible functional
splits that can be selected per sector and site. Therefore, the
number of potential combinations that constitute the search
space is |S|¥sKsec, which can escalate quickly depending on the
number of splits, sectors and sites. Thus, given the potentially
large search space and the complex nature of the optimization
problem, an Al-based solution based on deep learning is
proposed here. Due to its ability to handle highly dimensional

problems, deep learning strategies have gained a lot of interest
in the recent years and have been applied to multiple problems
in wireless networks [19][20]. Deep learning uses DNNs (i.e.
neural networks with multiple layers of neurons) to
approximate a complex function through a composition of
linear and non-linear transformations conducted at the different
layers. In this way, the DNN can extract features from the input
data and eventually make decisions. The DNN behavior
depends on the weights between neurons of different layers and
on the biases introduced by each neuron. Then, to learn optimal
values for these weights and biases, the DNN is trained using a
dataset of experiences in the so-called training stage. Once
trained, the DNN can be used in the so-called inference stage to
obtain adequate outputs for any given input.

For the optimization problem considered here, the choice
has been to use a DNN with unsupervised training. This
approach is preferred for two reasons. First, unlike supervised
learning, it does not require a labelled training dataset with the
optimum split vectors X. Obtaining such a dataset would
involve exploring the entire search space, which can be
computationally prohibitive. Second, the DNN can directly
output the selected split for each sector/site, leading to a simpler
architecture compared to reinforcement learning approaches,
which would normally require a DNN with as many outputs as
possible actions can be selected, i.e. the search space size.

B. DNN specification

Fig. 2 depicts the considered DNN model for dynamic
functional split selection. The inputs of the neural network are
the number of occupied PRBs in UL and DL for each cell of a
sector/site denoted as Nprzprk; and Nprsurj. Therefore, the
total number of inputs to the DNN is 2K K. Each input is
injected to one of the neurons of the so-called input layer.
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Fig. 2 DNN for dynamic functional split selection.

The outputs of the DNN are the various components X;; of
the vector X. Each one is provided by a neuron of the so-called
output layer. Thus, the number of neurons in this layer is
Kiee'Ks. A sigmoid activation function is applied at the output
layer so that the output of a neuron is comprised between 0 and
1. Then, the output of each neuron is discretized in steps of
1/|8| in order to map it to a specific split. In this way, if the
output is between 0 and 1/|S| the selected split is the first one
in the set §, if it is between 1/|S| and 2/|S| the selected split is
the second one, and so on.

The DNN can be configured with multiple hidden layers,
each one composed by a certain number of neurons. Fully
connected layers are considered, meaning that all the neurons
of one layer are connected with all the neurons of the
subsequent layer. The resulting vector of a fully connected
layer with N inputs and M outputs can be expressed as:
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where x = [xy,...,xy]"€ R¥*! is the input vector to the layer
containing the outputs of the N neurons of the preceding layer,
W € RM*N is a matrix containing the weights applied to x, b =
[b1,...,ba]"€ RM*1 contains M biases for the output neurons, y
= [y1,...yu] € RM*1 is the output vector representing the values
of the M output neurons of the layer, and f{*) is the so-called
activation function, which can take several forms, such as a
sigmoid function, a hyperbolic tangent (tanh) function, a
rectified linear unit (ReLu), etc.

The activation function, the number of hidden layers, and
the number of neurons per layer are design-time configuration
hyperparameters of the neural network. In turn, the weights and
biases to be applied by the different neurons have to be learnt
during the training stage.

C. Training process

The unsupervised training process uses a training dataset of
T input samples denoted as z;, where i=1, ..., T. Each sample z;
consists of 2:Ks K. elements, corresponding to the DNN’s
input as described in the previous section. The DNN, with a
given set of weights and biases, processes each training sample
to generate an output X that represents a combination of
functional splits for each sector and site. This output X is
evaluated using a loss function L(X), which measures the
quality of the output in relation to the optimization problem.
Finally, the training objective is to find the optimal set of
weights and biases that minimizes the loss function across all
training samples.

For the optimization problem considered here, since the
target is to minimize the total energy cost in (1) subject to the
constraints (2)-(5), the loss function L(X) is defined as the
energy cost when the constraints are fulfilled and an infinite
value when they are not, that is:

Coy (X K[ Cp (X
W()LEZ{W] if X fulfils constraints (7)
Y;RBH k=1 BBL

L(X)= [

) if X does not fulfil constraints

For conciseness, the computational requirements Cgpu(X)
and Cppr(Xk), as defined in (7), are calculated using the
equations in Table 5-1 of [6], for each functional split X and its
subset Xk at the BBH and BBL respectively. Similarly, the FH
bandwidth requirements are derived from the formulas in Table
5-2 of [6].

The most usual strategies of finding the weights and biases
that minimize the loss function are the gradient-based
algorithms, such as the Stochastic Gradient Descent (SGD)
[21]. SGD involves computing the loss function for each
training sample, calculating the average gradient of this
function for all the samples, and then adjusting the weights
accordingly. This process is repeated iteratively until the loss
function converges. However, SGD requires a differentiable
loss function, which is not the case for the optimization problem
in (7). For this reason, a genetic algorithm (GA)-based
approach, inspired by recent work in [22], is adopted for this
non-differentiable problem.

In the terminology of GAs, an individual or chromosome
refers to a combination of weights/biases of the DNN. The

individual is represented by a unidimensional array, so a
preliminary step is to encode the weights and biases (i.e.
matrices W and vectors b) of all the layers in a single vector. In
this way, different individuals represent different
configurations of the DNN. Moreover, a generation refers to a
group of N. chromosomes, where N. is the population size.

The GA begins by initializing a first generation of
chromosomes with randomly assigned values. Then, each
chromosome of the generation is evaluated individually. To
evaluate a chromosome ¢, the DNN processes each training
sample z; using the weights and biases associated with ¢ and
generates an output X(z;,¢). The quality of the chromosome c is
given by its fitness function F(c), which is defined as the
average loss function of this chromosome for all the training
samples T as:

F(c)=%ZL<X<zi,c)) @

Next, the GA creates a new generation of chromosomes
based on individuals of the previous generation and genetic
operators such as selection, crossover and mutation. First, a
fraction of best-performing individuals given by the elite
selection rate are directly copied. Then, pairs of chromosomes
(parents) are selected based on their fitness and are recombined
through crossover to create new offspring. The ratio of
individuals obtained by crossover in the new generation is
given by the crossover rate. The remaining ones are obtained
by mutation, which is applied to the previous generation
individuals with certain mutation probability to introduce
genetic diversity. This consists in modifying some of the entries
in a chromosome using probabilistic distributions (e.g.
Gaussian, uniform, etc.). As a result of these operators, a new
generation of N, chromosomes is obtained. This iterative
process of selection, crossover, and mutation continues until a
termination condition, such as a maximum number of
generations or runtime, is met. Then, the algorithm outputs the
best chromosome found across all generations, which
corresponds to the solution with the lowest fitness.

IV. RESULTS

This section presents the considered scenario, the training
process assessment, and the performance results of the DNN-
based functional split selection approach, targeted to study its
capability to provide optimum solutions.

A. Scenario

To evaluate the DNN-based functional split selection
model, we consider a scenario with K=1 site with K..=3
sectors. The set S of candidate functional splits for a sector is
shown in Fig. 3 and considers different splitting points denoted
as (8, 7a, 7b, 7c, 7d, 6) where split 8 places all PHY layer
functions at the BBH, split 6 places them at the BBL, and splits
7a to 7d are ordered from more to less functions at the BBH.
The 5G NR cells operate with TDD and the parameters and
algorithms listed in Table I. Furthermore, to characterize the
computational requirements and the UL/DL FH bandwidth
requirements for a given offered load of a sector, we make use
of the model presented in [6] and the algorithms in Table II of
[12], which shows the required operations per algorithm
execution (see [6] for details and references on each algorithm).



For the computational capacity, we assume Intel Xeon 6140
processors [23] at both BBH and BBL, each with 18 cores that
can be dynamically switched on and off depending on the
needs. The computational capacity per core is
Yeer=Ypr=58240 MOPS. For this single site scenario, the
number of cores available at the BBL is ngsrma=3"18=54 (i.c.
one processor of 18 cores per sector), and the number of cores
at the BBH is set to the same value nggyman=54. Results are
presented for e=2 and an FH capacity of Rrrmae=40 Gb/s.
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Fig. 3 PHY layer functions in DL transmission and UL reception and possible
functional splits [6].

The DNN and GA were implemented using the MATLAB
Deep Learning Toolbox and the MATLAB Global
Optimization Toolbox, respectively. Detailed information

about the different configuration options of the GA can be
found in [24].

B. DNN-based functional split selection training process

In the following results, we explore the behavior of the
training process using a randomly generated dataset composed
of 7=1000 traffic mixes across the three sectors. A traffic mix
specifies the offered DL and UL load in each sector normalized
to the sector capacity. Table II lists the GA hyperparameters
and DNN structure that achieved the best results after extensive
tuning to balance quality and training time.

Fig. 4 illustrates the evolution of the best fitness and mean
fitness values throughout the DNN training process. The best
fitness refers to the minimum fitness value (8) attained by the
best individual in each generation', while the mean fitness is
the average fitness of all individuals in a generation. The GA
preserves the top 5% of individuals (i.e. elite individuals) from
each generation, therefore the best fitness can only decrease or
remain the same. As shown in Fig. 4, the best fitness steadily
decreases in the initial generations and stabilizes around 38.52.
Regarding the mean fitness, it is progressively decreased from
the 1% generation to approximately the 130" generation.
However, beyond this point, the best individual already
provides a near-optimal solution, making small mutations and
crossovers more likely to produce infeasible solutions (i.e.,
those not fulfilling the problem constraints (2)-(5)). As a result,
the mean fitness begins to increase significantly across
generations.

C. DNN-based functional split selection performance results
Once the model is trained, the performance of the DNN is

! For practical computation, the oo value in (7) is set to 200.

assessed using an evaluation dataset consisting of 1000 new
samples not included in the training dataset. To establish a
reference for comparison, the optimum solution for each traffic
mix is used as a performance upper bound. In the considered
scenario, the optimum solution per traffic mix can be found
using an exhaustive search. The following metrics were used to
assess the DNN’s performance:

- Individual degradation: the percentage increase in energy
cost between the DNN solution and the optimal solution
for a given traffic mix.

- Average degradation: the average individual degradation
across all samples.

- Optimum ratio: the percentage of optimum solutions
found by the DNN across all samples.

- Unfeasible ratio: the percentage of solutions found by the
DNN that violate constraints (2)-(5) across all samples.

TABLE I. CELL PARAMETERS [6].

Parameter Value
Frequency 3.5GHz
Subcarrier spacing Af=30 kHz

Channel bandwidth and number
of PRBs

100 MHz, Nprs=273 PRBs

Slot duration T510=0.5 ms

Symbol duration T=Tuo/14=35.7 ps
IFFT/FFT size Nrrr=4096

Number of time samples of cyclic | Ncp= Nrrr/14=292

prefix

Number of antennas at the BS B=64

Number of antennas at the UEs | U=16 (aggregate number for
(equivalently number of layers) all UEs)

Length of training sequences for | Lsrs=12, Lpm-rs=8

channel estimation

Modulation and coding scheme 64QAM (m=6 bits/symbol)

and code rate =666/1024.

TDD configuration 3 DL slots, 1 special slot (with
10 DL symbols, 2 guard

symbols and 2 UL symbols),

1 UL slot

Number of bits to encode an 1Q | np=32

sample

Number of bits to encode a softbit | 7s.=8

at the output of the demodulator

Channel decoding parameters | BLER=0.1, Inx=10, d=2,

(see section IV.C.2 of [6]) n=8424/r=12952, d=0.699,
E=4528

TABLE II. HYPERPARAMETER CONFIGURATION

Parameter | Value
GA
Mutation function Uniform with prob. 0.01.
Crossover function Scattered
Crossover rate 0.2
Elite selection rate 0.05
Selection function Roulette
Population of a generation 200
Number of generations 10000
DNN structure
Number of hidden layers and neurons 2 (10,6)
Activation function for hidden layers Sigmoid
Activation function for output layer Sigmoid
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Fig. 4 Best fitness and mean fitness evolution in the training process.

Table III presents the performance metrics of the trained
DNN (configured with the weights/biases of the best individual
found after the training process) when applied to both training
and evaluation datasets. For the training dataset, the GA
successfully adjusted the DNN’s weights and biases to avoid
unfeasible solutions. In addition, the DNN achieved the optimal
solution in 62.1% of the samples, with an average degradation
0f2.63%. Similar performance was observed for the evaluation
dataset in terms of average degradation and optimum ratio.
However, a small percentage of unfeasible solutions, i.e. 0.9%,
were observed, in which the FH bandwidth exceeds the
maximum limit.

Fig. 5 compares the cumulative distribution function (CDF)
of the energy cost for the DNN solutions and optimal solutions.
The DNN closely approximates the optimal solutions, with
minor differences observed primarily for traffic mixes with low
PRB occupation. In these cases, the BB functions require few
computations, and a change in the split configuration have
minimal impact on core utilization. This poses a challenge for
the GA to find significant energy improvements through small
modifications in the individuals, so it gets stuck in suboptimal
splits. Conversely, for traffic mixes with high PRB occupation,
which require more computations in both BBL and BBH, the
energy is more sensitive to the selected split. Therefore, the GA
is more effective in finding optimal splits.

TABLE III. BEST INDIVIDUAL METRICS FOR THE TRAINING AND EVALUATION

DATASETS
Metric | Value
Training dataset
Average degradation 2.63%
Optimum ratio 62.1%

Unfeasible ratio 0%
Evaluation dataset

Average degradation 2.85%
Optima ratio 61.8%
Unfeasible ratio 0.9%
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Fig. 5 Cumulative distribution function (CDF) of the energy cost over the
evaluation dataset.

Fig. 6 presents a histogram plot of the individual
degradation for the DNN solutions in the evaluation dataset,
excluding the 0.9% of unfeasible solutions. The plot reveals
that 95.5% of the DNN solutions have a degradation of less than
15%, and only 3.6% of the cases show greater degradation. It is
worth highlighting that, in traffic mixes where the DNN
solution is suboptimal, the absolute energy excess typically
ranges from 1 to 3 units. This energy excess has different
impact on the individual degradation depending on the traffic
mix, since a 3-unit energy excess has a greater impact on traffic
mixes with lower optimum energy consumption (e.g. 12 units)
than on those with higher optimum consumption (e.g. 63 units).
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Fig. 6. Individual degradation histogram for the evaluation dataset.

V. CONCLUSIONS

This paper has presented an Al-based solution for dynamic
functional split selection in disaggregated RANs with varying
traffic load conditions. The proposed solution aims to select the
optimal functional split per sector and site to minimize the total
energy cost associated with the BBH and BBL computational
resources subject to FH capacity constraints. After formulating
the optimization problem, a DNN-based approach with
unsupervised training that relies on a GA has been proposed to



handle the potentially large search space, the prohibitive
computational cost of obtaining labeled data, and the non-
differentiable nature of the loss function.

The performance evaluation of the Al-based approach has
been conducted by comparing the results obtained with the
DNN against those of the optimum configurations. Overall, the
DNN results lead to energy costs that are, on average, only
2.85% higher than the optimum. Moreover, in 61.8% of the
cases the DNN is able to find optimum solutions. Overall,
95.5% of the solutions achieved an individual degradation of
less than 15% with respect to the optimum, and only 0.9% were
found to be unfeasible. Additionally, it has been found that the
DNN performs better in scenarios with high PRB occupation.

Based on the results presented here, future work will assess
the benefits, performance, and generalization capability of the
genetic-based DNN under different FH bandwidth constraints
and cell parameters (e.g., changing the number of antennas at
the base station, or TDD configuration).
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