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Abstract—Densely deployed base stations are responsible for
the majority of the energy consumed in Radio access network
(RAN). While these deployments are crucial to deliver the
required data rate in busy hours of the day, the network can
save energy by switching some of them to sleep mode and
maintain the coverage and quality of service with the other
ones. Benefiting from the flexibility provided by the Open RAN
in embedding machine learning (ML) in network operations, in
this work we propose Deep Reinforcement Learning (DRL)-based
energy saving solutions. Firstly we propose 3 different DRL-based
methods in the form of xApps which control the Active/Sleep
mode of up to 6 radio units (RUs) from Near Real time RAN
Intelligent Controller (RIC). We also propose a further scalable
federated DRL-based solution with an aggregator as an rApp in
None Real time RIC and local agents as xApps. Our simulation
results present the convergence of the proposed methods. We also
compare the performance of our federated DRL across three
layouts spanning 6-24 RUs and 500-1000 m regions, including
a composite multi-region scenario. The results show that our
proposed federated TD3 algorithm achieves up to 43.75% faster
convergence, more than 50% network energy saving and 37.
4% lower training energy versus centralized baselines, while
maintaining the quality of service and improving the robustness
of the policy.

Index Terms—6G, Open Radio Access Network (O-RAN),
Federated Learning (FL), DRL, TD3, Energy Efficiency, Sleep
Mode Control

I. INTRODUCTION

To accommodate rapidly increasing mobile traffic, Base
Stations (BSs) have been widely deployed to satisfy user data
rate requirements. Although dense deployments significantly
enhance capacity and coverage, they also lead to substantial
energy consumption. Studies indicate that BSs account for
a major portion of total network energy usage: roughly a
decade ago they drew about 57% of the total, whereas recent
figures have risen to 73%—77% [1]. This firmly establishes
BSs as the dominant energy consumers in mobile networks.
A typical 5G macro BS consumes approximately 3.3-9 kW,
with higher values observed for massive MIMO and mmWave
deployments. The resulting energy demand increases both the
operational expenditure of network providers and the associ-
ated greenhouse gas emissions [2]. Consequently, improving
energy efficiency in BS operations is increasingly crucial.
However, traditional BS designs feature tightly integrated
hardware with limited flexibility, constraining selective acti-
vation or power adaptation of individual components [3] and
leading to persistently inefficient energy usage.

In this context, O-RAN introduces an open, disaggre-
gated, and intelligence-ready architecture that better supports
energy-aware control through standardized interfaces [4]. It
decomposes the monolithic BS into the Central Unit (CU),
Distributed Unit (DU), and Radio Unit (RU); the CU/DU
together implement Base Band Unit (BBU) functions and
are typically cloud-hosted, while the RU remains a physical
entity (akin to a streamlined Remote Radio Head (RRH))
responsible for lower-PHY processing, RF chains, and power
amplifiers—components that constitute a major share of O-
RAN energy consumption [5]. As RUs are dimensioned for
peak demand, placing a larger fraction into sleep mode during
off-peak periods can yield substantial savings provided Qual-
ity of Service (QoS) constraints are respected [6]. O-RAN
further introduces the RAN Intelligent Controller (RIC) as a
programmable control platform with two layers: the Near Real
Time RIC (Near-RT RIC) (control loop ~10-1000 ms) hosting
third-party xApps for near-real-time radio control (e.g., traffic
steering [7], network slicing [8] and latency sensitive control
[9]) and the Non Real Time RIC (Non-RT RIC) (timescales
>1 s) orchestrating policies and analytics through rApps [10].
The Non-RT RIC provides high-level guidance and long-term
optimization goals to the Near-RT RIC via the standardized
Al interface [11]. In turn, the Near-RT RIC executes time-
sensitive control by running xApps that translate these Al
policies into actionable decisions and interact with O-DU/O-
RU nodes through the E2 interface [12]. This hierarchical
workflow enables rApps to supply long-term network-wide
intelligence (e.g., predicted traffic trends or RU utilization
expectations), while xApps react to instantaneous conditions
to enforce fine-grained radio control. The whole workflow is
illustrated at Fig. 1. Building on this architecture, Al-driven
solutions are increasingly deployed in O-RAN to support
intelligent and adaptive control at both rApps and xApps
[13]. Several prior studies and O-RAN specification docu-
ments have analyzed signaling latency, control overhead, and
RIC interaction models under similar functional splits. Our
framework adheres to these established timelines and control
abstractions. In our work, we develop decentralized Machine
Learning (ML)-based mechanisms in the form of an xApp
that leverages rApp-provided policy constraints to intelligently
schedule RUs into sleep mode while maintaining user QoS.
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A. Related Work

Early efforts to reduce energy consumption in cellular
networks focused on BS sleep-mode control. When BSs are
densely deployed for peak traffic, keeping them active during
off-peak periods leads to substantial energy waste. Turning
off lightly loaded sites—a strategy commonly referred to as
sleep mode—has therefore been widely studied [14]-[17]. For
instance, [15] introduced a random sleep policy for small-
cell BSs, while [16] proposed a sequential deactivation al-
gorithm that preserves user rates. In [17], several schemes
were analyzed for macro-BS deactivation in heterogeneous
networks, maintaining coverage via power readjustment and
complementary micro layers. Although such optimization-
based approaches can be effective, their scalability degrades
with growing network size and multi-objective constraints,
leading to high computational complexity and long solution
times.

The sleep/active mode decision problem is NP-hard due
to the combinatorial on/off choices and temporal coupling,
which makes exact optimization intractable at scale. To ad-
dress this challenge while satisfying QoS constraints, ML-
based strategies have been widely studied, particularly in Ultra
Dense Network (UDN) scenarios where spatial redundancy
enables flexible sleeping. Paper [18] employs an Long Short-
term Memory (LSTM)-based predictor to capture temporal
patterns in traffic and channel variations, enabling proactive
on/off switching. In [19], a Deep Q-Learning Network (DQN)
framework is enhanced with an action-selection network that
filters out invalid actions and mitigates ineffective exploration.
The work in [20] introduces a modular Deep Reinforcement
Learning (DRL) pipeline that integrates a Deep Deterministic
Policy Gradient (DDPG) policy with a supervised cost es-
timator and traffic predictor to account for switching costs
and QoS degradation. Spatio—temporal correlations are further
leveraged in [21], where convolutional-LSTM forecasting is
coupled with an actor—critic controller to improve robustness
under fluctuating traffic. A different direction is explored
in [22], which formulates joint sleep control and renewable-
energy sharing as a single Markov Decision Process (MDP),
solved through a multi-discrete Proximal Policy Optimiza-
tion (PPO) that factorizes the exponential action space into
tractable subspaces. Paper [23] presents a PPO-based approach
that simultaneously considers sleep scheduling, cell zooming,
user association, and Reconfigurable Intelligent Surface (RIS)
configuration, thus addressing multi-cell coordination under
mixed discrete/continuous actions. Risk-aware mechanisms
have also been investigated. In [24], a digital twin is integrated
with a DQN controller to assess delay risk before executing
sleep decisions, triggering re-training or feature suppression
under anomalous traffic conditions. From a multi-agent per-
spective, [25] treats each BS as an agent and applies a multi-
agent PPO with a state-similarity heuristic, jointly optimizing
BS sleeping and MIMO antenna operations while reducing
oscillatory behavior. Recent works have explored heuristic and
learning-based Radio Card (RC) switching strategies within
the O-RAN framework. For example, [26] proposed heuristic
xApps for RC ON-OFF control under static user deployment,

where User Equipments (UEs) were assumed to be non-mobile
and decisions were made based on instantaneous load and RSS
thresholds. While such approaches demonstrate energy savings
in snapshot-like scenarios, the decision rules are manually
designed and rely on fixed thresholds. Subsequently, [27]
introduced a DQN-based xApp under a similar static network
setting and showed that learning-based policies outperform
the heuristic model, even in stationary environments. This
indicates that the RC activation problem is inherently com-
binatorial and difficult to fully capture through fixed rule-
based logic. Both lines of work primarily consider static or
quasi-static user distributions. In practical deployments, user
mobility and traffic fluctuations introduce temporal dependen-
cies, transforming the RC switching problem from a one-shot
optimization into a sequential control problem with long-term
consequences.

However, centralized ML approaches typically collect train-
ing data at a single server, which raises scalability concerns in
large, distributed systems: as RUs/BSs and UEs increase, the
communication burden grows rapidly and data heterogeneity
across locations hinders convergence and generalization [28].
FL addresses these issues by training locally and aggregating
model updates instead of raw data, reducing backhaul load and
improving locality adaptation [29]. Nevertheless, Federated
Reinforcement Learning (FRL) is sensitive to client hetero-
geneity; inconsistent local policies can lead to conflicting
updates and a less effective global policy [30].

Applying federated DRL to sleep control has shown
promise. For example, [31] lets each Small Base Station (SBS)
train a local Double Deep Q-Learning Network (DDQN) and
periodically aggregates at a macro BS. It treats each SBS
as an isolated agent, resembling a loosely coupled multi-
agent system; and it aggregates at the macro-site level, which
is agnostic to the functional split and control timescales
defined in O-RAN. In contrast to prior cellular-centric FL/FRL
designs, O-RAN introduces a native control hierarchy (Non-
RT RIC for long-timescale policy/orchestration and Near-RT
RIC for near-real-time control). Moreover, RUs are major
energy consumers in O-RAN due to RF and PA hardware.
Our work aligns the learning workflow with this hierarchy
and shifts the agent granularity from per-SBS to per-region
(i.e., an area comprising multiple RUs and UEs). This broader
spatial/temporal context improves policy generalization across
heterogeneous regions while remaining faithful to O-RAN
interfaces and roles. As a result, the proposed federated deep
reinforcement learning framework aggregates richer, more
representative local policies and scales better than centralized
training in large, distributed O-RAN deployments.

B. Contributions

In this paper, we investigate the energy-efficient operation in
the O-RAN architecture, which, due to provisioning for peak
demand, often keeps RUs active even during low traffic peri-
ods, leading to unnecessary energy consumption. We formulate
the joint RU sleep control problem as an NP-hard network-
wide energy minimization task under QoS constraints, and
transform it into a MDP to enable sequential decision-making



via DRL. To address the challenge of large action spaces, we
develop three centralized DRL schemes: (i) a DQN-Multiple
Action (DQNMA) baseline, which enumerates all joint RU
configurations; (ii) a DQN-Single Action (DQNSA) variant,
which sequentially switches the state of only one RU per
step; and (iii)) a Twin Delayed Deep Deterministic Policy
Gradient (TD3) controller, which outputs continuous control
values, thereby avoiding exponential action growth. Although
these centralized approaches are effective in small or medium
scale deployments, their scalability is limited in large and
geographically distributed networks. To overcome this, The
proposed Fed-DRL architecture provides scalable learning
across large O-RAN deployments by enabling each area to
train its policy locally while only exchanging neural-network
parameters with a global aggregator. This avoids raw data
sharing, eliminates the computational bottleneck of centralized
training. During execution, each xApp independently makes
RU activation decisions based on local observations, further
improving scalability. The main contributions of this work are
summarized as follows:

o We propose an O-RAN compliant energy control frame-
work in which RUs dynamically switch between active
and sleep modes based on traffic and mobility patterns.
The design leverages the O-RAN functional split and
standardized control interfaces for practical deployment.

o« We formulate the activation of RU as MDP consider-
ing traffic load, user mobility, and spatial distribution.
The reward function incorporates empirically validated
energy and QoS tradeoffs to ensure stable and meaningful
learning behavior. This formulation is compatible with the
O-RAN learning framework aligned with multiple DRL
paradigms, supporting both centralized and distributed
solutions.

o We propose a federated DRL architecture tailored for O-
RAN, where local agents embedded in the Near-RT RIC
interact with regional RUs and UEs, and their models
are periodically aggregated at the Non-RT RIC. This
architecture is consistent with the disaggregated control
roles of O-RAN, enabling real-time local responsiveness
while ensuring global policy consistency and coordination
across regions. By explicitly embedding FL into the O-
RAN control framework, our design provides a scalable
and communication-efficient solution for large and het-
erogeneous network deployments.

e« We conduct extensive simulations across multiple net-
work layouts and heterogeneous regions. The results
show that the proposed Fed-DRL achieves significant
network energy savings and scales effectively to large
deployments. Moreover, the federated-learning—based so-
lution also reduces the computational and communication
overhead associated with centralized training, thereby
lowering the overall training energy consumption.

II. SYSTEM MODEL

In this section, we describe the system model of the O-
RAN-based wireless network under consideration. The net-
work consists of M distributed RUs, each equipped with a

single antenna, serving K single-antenna UEs in the downlink.
The sets of RUs and UEs are denoted by M = {1,2,..., M}
and £ = {1,2,..., K}, respectively. We assume a multi-
area deployment, where RUs are geographically distributed
and managed by corresponding near-real-time RIC instances as
illustrated on Fig. 1. The system operates in discrete time slots
and the UEs are mobile with a constant speed v, following a
random direction mobility model. Each UE is associated with
one RU based on signal strength and proximity. To model
energy control at the RU level, we define a binary variable
am € {0,1} for each RU m € M. Specifically, o, = 1
indicates that the RU m is in active mode and capable of
transmitting data, while «,,, = 0 represents that the RU is in
sleep mode and does not consume transmission power during
the interval.

In our system, each RU m € M is equipped with a total of
Q@ Physical Resource Blocks (PRBs), which can be allocated
to its associated UEs. Let U, denote the number of UEs
associated with RU m at time slot t. We define n! , as the
number of PRBs allocated by RU m to the k-th UE at time
t, where k € K. Based on this allocation, the total number
of PRBs utilized by RU m at time ¢, denoted as an, can be
expressed as:

ut,
N = nb (1)
k=1

The PRB allocation n!, , for each UE is determined according
to its individual data rate requirement at time ¢, ensuring that
the allocated resources are sufficient to meet the minimum
QoS demands. Based on the PRB allocation, we define the
load of RU m at time slot ¢ as the ratio of occupied PRBs to
the total available PRBs:

t N fn

b O’ 2
To model the wireless channel, we adopt the Urban Microcel
(UMi) fading model. Let hfm  denote the small-scale fading
channel gain between RU m and UE £ at time slot ¢. We con-
sider a power allocation scheme where the total transmission
power of each RU, denoted as Prx, is evenly distributed across
all its available PRBs. Consequently, the transmission power
allocated to a UE is proportional to the number of PRBs it
receives. Under this model, the received Signal-to-Noise Ratio
(SNR) at UE £ served by RU m at time ¢ is given by:

t ”fn,k
SNR! Prx P ( Qm )

m,k — t . ’
nm’k NO

3)

where Ny represents the noise power spectral density of the
t

Additive White Gaussian Noise (AWGN), and the term Domok
reflects the fraction of total RU power allocated to UE k based
on its PRB share. The achievable downlink data rate for UE &
at time ¢ is then expressed by the Shannon capacity formula
as:

R, =ni, - B-logy (1+ SNR}, ), (4)

m

where B denotes the bandwidth of a single PRB.
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Fig. 1: Illustration of the O-RAN architecture incorporating both O-RAN-defined and 3GPP-standard interfaces. Solid lines
represent O-RAN interfaces (e.g., E2, Al, Ol, Open FH), while dashed lines indicate 3GPP interfaces.The system spans four
geographical areas, each with its own O-DU and O-CU components. Near-RT RICs operate on a per-area basis, deploying
multiple xApps. A centralized Non-RT RIC performs global policy aggregation and training coordination using Al interface.

TABLE I: Summary of Symbols

Notations | Value

Qm Mode variable of RU m

Nm, K Number of allocated PRBs from RUm to UE k

Ny, Number of PRBs allocated in RU m

Qm Total number of PRBs in RU m

UL, Total number of UEs associate with RU m at time slot ¢

Im Load of RU m

R ke UMi fading channel model from the RU m to the UE k
SNR,, . | SNR of the UE m in RU &

R4 k.min | Data rate requirement of UE k

Ry Current data rate requirement of UE k

n Power amplifier efficiency

Prx Maximum transmission power of RU

Virans Mode transition power of RU m

Pt Energy consumption of RU m at time slot ¢
pactive Fixed power consumption of RU m in active mode
ppleer Fixed power consumption of RU m in sleep mode
pdata Load dependent power consumption of RU m

Pt Total network energy consumption at time slot ¢

A. Power Consumption Model and Problem Formulation

The power consumption of each RU is composed of three
components [19]. The first is fixed power consumption, de-
noted by PE*:* which represents the energy used by signal
processing, cooling systems, and power supply units. This
component depends solely on the operational mode of the
RU. The second component is the load-dependent power

consumption, denoted by P32 primarily attributed to the
Power Amplifier (PA). In this work, the load is quantified
based on the PRB utilization, as defined in (2). The third
component is the transition power Pa"s:¢ which is incurred
only when the RU switches from sleep mode to active mode.
This represents the additional energy required to re-activate
hardware components such as the signal processing unit and
power amplifier. By summing these three components, the total
power consumption of RU m at time slot ¢ is given by:

(&)

As discussed earlier, the fixed power consumption of an RU
depends solely on its operational mode (active or sleep), and
remains constant regardless of traffic load. It can be modeled
as:

t _ pFix,t data,t trans,t
Pt — pFixt | pdatai | ptranst

Fix,t __ t active t sleep
Pm _ampm +(1_am)Pm 3

(6)

where of, € {0,1} is the binary activity indicator of RU m
at time ¢ as we mentioned above. Here, P2°Ve and Psleer
represent the fixed power consumption levels of RU m in
active and sleep modes, respectively. Generally, PS°°P is
significantly lower than P2°!Ve  as many hardware modules
are turned off in sleep mode.

The second component of power consumption is the trans-
mission power, which is proportional to the load of the RU.



Specifically, the transmission power of RU m at time slot ¢ is
modeled as:
¢ Prx N,
" 77 Q’I'YL ’
where Prx denotes the maximum transmission power of the
RU, and 7 € (0,1] is the power amplifier (PA) efficiency.
Since power amplifiers are not ideal, only a fraction 7 of the
consumed electrical power is converted into radiated signal
power, and the rest is dissipated as heat. In most case, only
half of the consumed power contributes to actual transmission.
The power consumption increases with the RU load If,, which
is defined based on PRB utilization as described in (2). This
formulation ensures that higher load levels lead to higher
transmission power consumption.

The third component is the transition power, which is
incurred when the RU switches its operational state. It is
defined as:

ate Prx
platat — ot "2t = o

)

trans,t __ t t—1 trans
PnL Ty, Ty ‘/HL ) ®)

where of; ! indicates the state of RU m in the previous
time slot, and V,\""S denotes the energy cost associated with
transitioning from sleep mode to active mode. In this work,
we consider transition power only when the RU is turned on
(i.e., from sleep to active), while mode deactivation (active to
sleep) is assumed to incur negligible overhead.

Finally, the total power consumption of the entire network
in time slot ¢ is defined as:

-

]th)t (Priiw,t +P7iata7t _’_Pf;ans,t)

m=1
M

. P Nt

- " ah B (1= o)) ot T X

m=1 n Qm

+ (‘afn _ afn—1| * V;;rans).
©)

The objective of network is to minimize the total energy con-
sumption over a given time horizon by dynamically controlling
the sleep mode of RUs, while ensuring QoS requirements are
satisfied. At the initial time slot (¢ = 0), all RUs are assumed to
be active. The optimization problem is formulated as follows:

T
Py min P!
{aﬁna":”,k} ; tot
st. Ry, >RPY, VEEK, VteT
NY <Qn, VYmeM,VteT
ab, €{0,1}, YmeM, VteT

d dp=1 VkeK VteT,

meM
(10)

where R, denotes the achieved downlink rate of UE k
at time ¢, which must satisfy a minimum QoS threshold

min_ N! is the total number of PRB allocated by RU m
and must not exceed its available PRB budget @,,. while
oy, € {0,1} is an association indicator that ensures that

each UE is connected to exactly one RU at any given time.
Problem (P;) aims to minimize the cumulative network energy
over a horizon 7T, subject to QoS. Solving this objective with
linear or mixed integer formulations in every time interval ¢
would require repeatedly recomputing a large combinatorial
program in changing channels and user mobility. Even with
relaxations or Model Predictive Control (MPC)-style solvers,
the computational burden grows quickly with the number
of RUs and must be incurred at each slot. Moreover, per-
slot solutions that optimize instantaneous energy P!, cannot
anticipate future handovers or load variations, often leading to
excessive switching and degraded long-term performance. We
therefore cast (P1) as a MDP and learn a policy 7(a|s) that
directly maps the current network state s to RU sleep/active
action vector a with the goal of optimizing the long-horizon
return. After offline training, online control reduces to a single
forward pass of the neural network per slot, which is orders
of magnitude lighter than resolving a combinatorial program,
while naturally adapting to user mobility since the state already
encodes time-varying positions and loads.

III. DRL-BASED ENERGY SAVING MECHANISMS

In this section, we develop a centralized DRL framework
aimed at minimizing the overall energy consumption in O-
RAN networks by intelligently controlling the sleep mode
of distributed RUs. Specifically, the proposed approach seeks
to determine an optimal activation policy that dynamically
switches RUs between active and sleep modes, while simulta-
neously guaranteeing the QoS requirements of all UEs in the
network.

To the end, we propose three DRL algorithms: DQNSA,
DQNMA, and TD3. While DQN-based methods are well-
suited to discrete and low-dimensional action spaces, they
become less effective in high-dimensional environments with
complex combinatorial action structures. In contrast, TD3,
which extends the DDPG algorithm, offers enhanced perfor-
mance in continuous control settings through the use of twin
critic networks, delayed policy updates, and target smoothing
mechanisms. These features make TD3 particularly suitable
for jointly controlling the binary activation states of multiple
RUs in a temporally and spatially dynamic wireless environ-
ment.

The remainder of this section first outlines the formal MDP
formulation of the RU sleep optimization problem, followed by
detailed descriptions of the employed DRL algorithms within
the centralized control framework.

A. Markov Decision Process Problem

In this subsection, we discuss the state space, action space,
and reward function of DRL model to consist the MDP
problem.

1) State Space: state comprises essential information used
for policy training. At each time step ¢, it contains the real
data rate of the UEs , represented as:

RY, = [Rl,. Rl .- 1"

SRh k] (11)



which captures the system’s ability to meet user demands. The
activation states of the radio units (RUs) from the previous
time step are denoted as:

t—1

al~l — [aiflaaz t71]T'

Loaly (12)

The PRB utilization of the RUs is given by:

L = (1,0, 00,7, (13)

quantifying the load on the RUs. Finally, the spatial positions
of the UEs in the network are represented as:

U’ = [(xiayjlt)v (xgayé)a ) (xg(a yé{)]T ,
characterized by their (z,y) coordinates. The UE coordinates
determine path loss and association and thus affect data rates
and RU loads. Including them in s; enables the agent to
capture the spatial distribution and mobility of UEs. This
allows the learned policy to anticipate future handovers, traffic
shifts between RUs, and coverage-critical regions, instead of
reacting only to instantaneous loads.

In summary, the state can be expressed as:

(14)

si = [Rb, a1 L, U (15)

All state parameters are normalized to facilitate a better
interpretation by the agent.

2) Action Space: action o € A represents the binary
operational states of all RUs, defined as:

Az[al,ag,...7aM]. (16)

Each element «,, corresponds to an RU, where «,,, = 1
denotes that the RU is active, and «,, = 0 indicates that
the RU is in sleep mode. These actions are derived from the
output of the DRL models, which guides the energy-efficient
operation of the network.

3) Reward Function: reward r € R is designed to balance
energy efficiency and user satisfaction, guiding the model
towards an optimal operational policy. It is defined as:

Rot K unsat
’
P, max K

where P, corresponds to the energy consumption if all RUs
are all active. The term K, denotes the number of users
with data rates below their required thresholds, normalized by
the total number of users K. The weights w; and ws adjust the
relative importance of energy efficiency and user satisfaction.
Normalization is used in the reward function to ensure that
the contributions of energy consumption and user satisfaction
are scaled to comparable ranges, preventing dominance by
one factor over the other. The original RU activation problem
Eq (10) can be viewed as minimizing network energy subject
to minimum rate constraints. To make the problem tractable
within the MDP framework, we adopt a penalty-based relax-
ation in which QoS violations are incorporated into the reward
function. This corresponds to a Lagrangian relaxation of the
constrained optimization problem, where the penalty weight
wo acts as a Lagrange multiplier. Under sufficiently large
wy, the relaxed objective discourages persistent violations
and approximates the constrained solution in practice, while

T=—wp - —wy - 17

maintaining stable gradients for DRL training. During training,
multiple weight settings such as (1,1), (1,3), and (1,10)
were evaluated. The final choice (1, 5) was selected because it
provides a reasonable balance between energy-saving explo-
ration and QoS protection, avoiding both overly conservative
and overly aggressive behavior. We note that this tradeoff
is observed under the considered simulation configurations.
Overall, At each time slot ¢, the agent observes the state
S¢, consisting of user data rates, RU loads, RU activation
modes, and UE coordinates. Based on this state, the policy
m(at|s¢) outputs an RU activation vector a;. The environment
then evolves according to user mobility and traffic dynamics,
producing the next state s;,y; and the reward r,;, which jointly
reflect both energy consumption and QoS satisfaction. The
agent updates the policy to maximize the long-term cumulative
reward, thereby learning optimal RU sleep/active decisions.

B. DON-Based Model Training

The DQN framework extends traditional Q-learning by em-
ploying a deep neural network to approximate the action—value
function Q(s, a;0), where 6 denotes the network parameters.
Instead of maintaining a tabular representation, the DQN maps
input states to Q-values for all possible actions, enabling
decision-making in high-dimensional state spaces. During
training, the network parameters are updated to minimize the
temporal-difference loss:

L(Q) = E(S,a,r,s’)ND (7“ + Y HZ?’X Q(S/a a/; 9,) - Q(S, a; 9))2:| )

(18)
where 0’ is the target network parameter vector, v is the dis-
count factor, (s, a,r,s") are sampled from the replay buffer D,
and the maximization is taken over the discrete action set. The
use of a target network and replay experience helps stabilize
training by breaking correlations in sequential samples and
preventing oscillations.

Building on this framework, we applied DQN to the RU
sleep control problem as our initial discrete action solution.
In this setting, the agent takes the current network state as
input and outputs Q-values for possible RU activation patterns,
selecting the action with the highest estimated value. This
formulation allows the agent to learn sleep/active scheduling
policies without requiring exhaustive optimization at every
time step, thus avoiding the computational burden of tra-
ditional methods. To investigate how action representation
impacts scalability and learning efficiency, we developed two
variants: a DQNMA, where each action encodes the joint
activation state of all RUs, and a DQNSA, where each action
controls the state of only one RU at a time. These two designs
highlight the trade-off between expressiveness and tractability
in DQN-based sleep control.

1) Multiple-Action DON (DQNMA): In the DQNMA
model, each action represents a complete sleep/active config-
uration of the entire RU set. Given M RUs, the total number
of possible configurations is 2. Instead of representing each
configuration as a binary vector, we encode each configuration
as an integer index:

Amai = {0,1,...,2M — 1} (19)
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Fig. 2: Illustrates the workflow of Fed-TD3 across distributed
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training based on temporal-difference loss; green dashed lines
represent actor updates guided by critic gradients and soft
update target network; black and purple solid lines denote
the periodic aggregation and redistribution of actor and critic
parameters via the aggregator. Each agent operates within its
own local environment and contributes to a globally coordi-
nated policy through federated learning.
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Each action a € Ay is mapped to a binary vector of length
M, where the i-th bit determines whether RU 7 is active (1)
or asleep (0). For example, in a system with M = 6, the
action a = 42 corresponds to the binary vector [1,0, 1,0, 1, 0],
indicating the activation states of all six RUs.

This representation is compact and facilitates Q-value
lookup through a single scalar action input. However, the
action space still grows exponentially with M, making the
Q-table (or output layer of the DQN) increasingly difficult to
train. As M increases, it becomes challenging for the agent
to explore all possible configurations effectively, leading to
slower convergence and suboptimal learning.

2) Single-Action DON (DQNSA): To mitigate the scala-
bility issue inherent in DQNMA, we propose a single-action
DQN variant that limits control to one RU per time step. The
action space is defined as:

Agnge = {ONy,...,ONy;,OFFy, ..., OFFy}  (20)

resulting in a total of 2M actions. Each action explicitly repre-
sents turning ON or OFF a specific RU. This reduces the action
space from exponential to linear size, greatly simplifying
the learning problem and accelerating convergence. However,
the agent’s limited per-step control restricts its ability to
rapidly adapt to network-wide changes, potentially resulting
in suboptimal policies in highly dynamic environments.

C. TD3 Model Training

Although DQN-based approaches, as we mentioned above,
provide effective solutions for discrete RU control, they face
significant limitations when applied to large-scale environ-
ments with many RUs. In such scenarios, the action space
grows exponentially with the number of controllable RUs,
making it increasingly difficult for value-based methods to
explore and learn optimal policies efficiently. To address these
challenges, we adopt a continuous action approach using the

TD3 algorithm as shown in Algorithm 1. By modeling the
control decisions in a continuous space, TD3 allows the agent
to express more accurate preferences over RU activation and
significantly reduces the combinatorial complexity of policy
learning.

In our adaptation of TD3, the actor network outputs a
continuous action vector y(s) € [0, 1], where each element
represents the activation likelihood of an RU. To enforce
discrete sleep/active decisions in the environment, we apply a
deterministic thresholding function with Gaussian exploration
noise:

1 if pe(s); +m; > 0.5
ai = fa(pe(s)itni), ai= ( .) 21
0 otherwise
where, ¢ € {1,..., M} indexes the RUs, 7; is a Gaussian noise

vector with elements 7; ~ N(0, 02), adding more exploration
in the action decision. f4(-) denotes the discretization mapping
from continuous actor outputs to binary RU activation deci-
sions. This approach enables the policy to explore efficiently
in a smoothed action space while still producing discrete
activation patterns compatible with RU switching.

The environment includes realistic features such as user
mobility, handovers, and RU-specific energy models. Tran-
sitions (s,a,r,s’) are collected in a replay buffer, and the
reward function jointly captures energy efficiency and QoS
satisfaction. We use two critic networks ()4, and @4, to
compute target Q-values and mitigate overestimation bias:

y=r+ymin Qs (s', falue (s') + ), (22)
where € ~ clip(NV (0, 05,,)) provides target smoothing.
The actor is updated using the deterministic policy gradient:

V@J(G) = IESND[VGQ¢(S, a)|a:H9(S) : Vg,ug(s)]. (23)

Following TD3’s principle of stability, we delay actor and
target network updates relative to the critics, and employ soft
target updates:

0«10+ (1 —-71)0, ¢« 76+ (1—71)P.

While our TD3-based approach helps the large discrete
action space problem by leveraging continuous policy learning
and threshold-based execution also provides better results as
we show in the simulation section, it does not fully elimi-
nate the scalability limitations of centralized training. As the
number of RUs increases, for example in ultra-dense urban
environments, the centralized controller continues to encounter
significant challenges related to computational complexity,
communication overhead, and limited policy generalization.
To address these issues, we further explore a federated DRL
framework in the next section.

(24)

IV. FEDERATED DRL FOR SCALABLE RU CONTROL IN
O-RAN
The modular and disaggregated architecture of O-RAN
makes it a natural fit for federated DRL, particularly in scenar-
ios that involve large-scale and geographically distributed RU



Algorithm 1: TD3-Based Energy-Aware RU Training

Algorithm 2: Federated TD3 Training Process

Input: Initial network state so, actor parameters 6, critic
parameters ¢1, ¢2, replay buffer D

Output: Trained actor network pp for RU sleep scheduling
1 for each episode do
Initialize environment and receive initial state s ;
for each time step t =1,...,T do
Add exploration noise 1; ~ N(0,0?) ;
Compute continuous action: a. = pg(s) + 1+ ;
Discretize: a = fq(a.) where a; = I[ac,; > 0.5];
Execute action a in the environment ;
Receive reward r and next state s’ ;
Store (s, a,,s’) into replay buffer D ;
Sample a mini-batch (s;, aj,7;,s;) from D ;
Compute target action: a; = fa(pes (s;) +€) ;
Compute target Q-value:

y; = rj +ymini—12 Qg (s, aj5) :
13 Update critics ¢1, ¢2 by minimizing:
L(6:) = % 25 (Qoi(s5,a5) — y5)* 5
14 if every d steps then
15 Update actor using deterministic policy gradient

IR T N7 I T S

[T
No= o

16 Soft-update target networks:
¢ Thi+ (1 —7)¢f, 0/ 70+ (1—1)0 ;

17 s+ s

deployments. In O-RAN, control functionality is split across
multiple layers, such as xApps operating at the Near-RT RIC
and rApps at the Non-RT RIC, communicating via standard-
ized open interfaces. This structure aligns seamlessly with
the federated learning paradigm, where learning agents (e.g.,
xApps) act as local clients that train policies independently
using site-specific data and periodically synchronize with a
central coordinator (e.g., an rApp) to build a global policy
model [32], [33].

Adopting federated DRL in this context offers significant
scalability advantages over centralized DRL. As network size
and RU density increase, centralized learning suffers from
exploding state and action spaces, as well as communication
bottlenecks and slow convergence. By distributing the learning
process across O-RAN components, federated DRL reduces
computational and communication loads at any single point
[34], [35], while also enabling site-level policy customization.
Moreover, the reuse of O-RAN’s open interfaces allows ef-
ficient and standards-compliant integration of FL workflows
into real network deployments. An overview of the proposed
federated DRL framework within the O-RAN architecture
is depicted in Fig. 1. In this design, each O-RAN region
is equipped with a Near-RT RIC hosting local DRL agents
that interact with the underlying RUs and UEs to make real-
time sleep/active decisions. These agents are trained locally
using region-specific traffic and mobility dynamics, thereby
capturing heterogeneous environmental characteristics without
requiring raw data exchange. Periodically, the locally trained
models are uploaded to the Non-RT RIC, which serves as
the global aggregator. The Non-RT RIC integrates model
updates from multiple regions to construct a global policy,
which is then redistributed back to the Near-RT RICs. This
hierarchical workflow aligns naturally with the functional split

Require: Multi-region environment with R regions, local TD3 agents {A,;}ZR:P
aggregation frequency F' and TD3 hyperparameters.

1: Inmitialization:

2: for i =1 to R do

3: Initialize local agent A; with its actor, critics, and target networks.

4: end for

5: Initialize the global model parameters Ogiobal, Pgloba_t and Pgiobai_2 With random
value. Establish the connection between local agents and a global server.

6: Training Loop:

7: for episode = 1 to Ny, do

8: for j = 1to Rdo

9: Initialize state ;.

10: fort =0to 7 — 1 do )

11: Agent A; selects an action a;l)

12: Execute actions agl) in the environment.

13: Obtain next states siir)l and rewards ril).

14: Agent A; stores transition (sgz) R a;/”, TE[), sil) ).

15: Agent A; performs a local TD3 update.

16: if (t+ 1) mod F = 0 then

17: Global Server Aggregation (FedAvg). Agent A; sends 6;, ¢;_; and

¢;_2 to the global server.

18: end if ) )

19: Update state: s{") siﬂr)l.

20: end for

21: end for

22: end for

23: Global Server Aggregation (FedAvg):
24: the The global server receives local parameters from all agents.
25: compute the weighted average of actor and critic model update:
Oug = 22, (wj - 05/3; wy)
Guvai = 90 (Wi B3 /34 @i ),
26: Global Model Update:
27: Update the global actor and critic model parameters:
Pglobal_i = Pavg_i, =1,2,
Ogiopar = Oglobals %mbal_i = Qglobal_i, ©=1,2.
28: Global Distribution: For each region j, update local parameters: 0; < Ogioba,
Gji < Pgobali = 1,2,

’ ’ / /
05 < Ogiobars @5_i < Pgtobal_i-

i = 1,2. Where w; are weight factors

9;]0}»11 = Oayg,

of O-RAN: the Near-RT RIC ensures responsiveness to fast-
varying network states, while the Non-RT RIC provides global
coordination, scalability, and policy generalization across dis-
tributed deployments.

A. Federated DRL Training and Global Aggregation

In our federated DRL framework, each agent corresponds
to a distinct geographical region, consisting of multiple RUs
and UEs. The training process begins with the aggregator
distributing an initialized global model to all participating
agents. This model includes either Q-network weights for
DQN agents or actor—critic parameters for TD3 agents, de-
pending on the algorithm. Fig. 2 illustrates the entire Fed-
TD3 training process as a representation. After receiving the
global model, each agent independently interacts with its
local environment, collecting state—action—reward transitions
and updating its DRL model based on region-specific user
mobility and traffic dynamics. This local training proceeds
over a fixed number of episodes F. Once the local train-
ing phase is completed, each agent uploads selected model
parameters to the aggregator. The aggregator then performs
model aggregation to produce an updated global model. This
aggregation strategy varies depending on the type of DRL
model used and will be detailed in the following section.
The updated global model is subsequently redistributed to
all agents for the next round of training. This iterative cycle
of local update and global synchronization continues until



convergence. By leveraging this decentralized optimization
strategy, our framework ensures that agents collaboratively
learn a generalizable policy while preserving privacy and
significantly reducing communication overhead.

Depending on the underlying DRL algorithm, we employ
two distinct parameter-sharing strategies to support both value-
based and policy-based learning. The complete Fed-TD?3 train-
ing process is summarized in Algorithm 2. For agents using
the DQN architecture with discrete action spaces, each agent
performs Q-learning on local environment and periodically
uploads its Q-network to the server. The global model is
computed by averaging the Q-values across all agents:

R
g (s,a), Vs,a,

Qj (87 a) — leobal(37 a))

where @;(s,a) represents the Q-network of agent j, and
R is the number of agents. The aggregated global model
Qglobal (S, @) is then broadcast to all agents for subsequent
training rounds.

For agents using the TD3 algorithm in the continuous action
space, each agent maintains an actor—critic architecture. The
global policy seeks to learn |S|x|.A| table, mgopai(als). After
several local update episodes, the policy network which is
the actor network parameters is uploaded to the server for
aggregation:

Qglobai (5, @) (25)

Vs, a, (26)

j£:7W (als)

7Tgloba1 Vs, a, (27)

mj(als) < Taopa(als), Vs, a. (28)

Although the standard actor—critic framework typically ag-
gregates only the actor to ensure decentralized critic adap-
tation, in our design we also upload and aggregate the two
critic networks across agents. This additional aggregation
improves training stability and enhances the generalizability
of the learned value functions. After each global aggregation
step, both the actor and critic target networks are updated, as
detailed in Algorithm 2. In our scenario, the areas share a
homogeneous RU activation task and similar traffic patterns,
which reduces the degree of heterogeneity. In the future works
we will investigate heterogeneous environments that cause
further challenges. In this work we mainly want to show
that Federated learning is a scalable Al solution for O-RAN
networks.

V. SIMULATION RESULTS

To evaluate the effectiveness of the proposed energy savings
framework, we perform simulations across a range of net-
work scenarios and baseline models. Our evaluation includes
centralized and federated learning environments to assess
performance in terms of reward, energy consumption, and
scalability.

Fig. 3: The left plot shows a radio map of single 500 mx500 m
area used for centralized training and evaluation. The right
plot depicts a 1000 mx 1000 m area composed of four such
subregions, representing a composite environment for cen-
tralized training and inference. This comparison setting is
used to evaluate the generalization capability of the global
model trained via federated reinforcement learning versus a
centralized model trained on the combined area. The middle
plot presents a single large-scale 1000 m x 1000 m environment
used to evaluate model performance under centralized DRL
training.

A. Simulation Settings

In our simulations, each scenario is modeled as an O-RAN
environment where M RUs serve K UEs within a square area
of size L x L m?. In practical O-RAN deployments, the Near-
RT RIC is commonly deployed in edge cloud or regional edge
data centers with latency budgets between 10ms and 1s. In
our system model, the inference of the DRL agent runs inside
the Near-RT RIC. The model training or federated aggregation
may take place at the same edge location. This placement
ensures that the decision-making latency requirements of the
xApp are satisfied. As illustrated in Fig. 3, three layouts are
considered: (i) a 500 mx500m area with 6 RUs, used both
as the centralized DRL testbed and as the local region in
FL; (ii)) a 1000mx 1000 m area with 12 RUs, representing a
large-scale single region; (iii) a 1000 mx1000 m composite
area with 24 RUs, formed by four independent 500 mx 500 m
subregions, used to examine the scalability of FL.

The UEs move at a constant speed v = Uug & Vs
(mean v,y = 2m/s, standard deviation vgg = 0.5m/s), with
individual speeds randomly drawn from this range. A periodic
mobility pattern is applied, where UEs travel from the service
area edge toward the center and back, forming a structured
cyclic movement. The wireless channel adopts the 3GPP UMi
model [36] with both Line of Sight (LOS) and Non-Line of
Sight (NLOS) conditions. For LOS links:

32.4 + 21 logm (dm,k)

+ 20 IOg (f)7 dm,k: S dBP)
PLLO = 10 (29)
+ 20 10g10(f> — 9.5, dm,k: > dgp,
with dgp = M as the breakpoint distance. For NLOS
links:

PLYOS =35.3 4 22.410g1(dm,i)
+21.3 loglo(f) - O3(hUE - 15)
The LOS probability is:

18
PLOS = min <d . s 1) <1 — e_d"”*"'/%) —+ B_dm'k/36, (31)

(30)



and Pyxros = 1 — Plos, with Pos = 1 if dm,k < 18m.
Other system parameters, including carrier frequency, antenna
heights, bandwidth, and RU power consumption values, follow
Table II.

TABLE II: Simulation Parameters

Parameter Value
TD3 Actor learning rate (aur) 0.0001
TD3 Critic learning rate (oq) 0.001
DQN learning rate (o) 0.0001
Mini-batch size (B) 128
Replay memory size (RR) 50000
Discount factor () 0.99
Training episodes ([NVeps) 2000
Random seed 42

Soft update coefficient (7) 0.01
Carrier frequency (f) 2 GHz
RU height (hru) 15 m
UE height (hyug) 1.7 m
Network size (L) [500, 1000] m
Number of RUs (M) [6, 12, 24]
Number of UEs (K) [20-80]
Number of local regions (R) 8
Minimum data rate requirement ([2min) 3 Mbps
Noise power (o2) -174 dBm/Hz
Power amplifier efficiency (1) 0.5
Average UE speed (vVayg) 2 m/s
Std. deviation of UE speed (vsa) 0.5 m/s
Active mode RU power (P*"°) 20 W
Sleep mode RU power (P™°P) S5W
Maximum transmission power (Prx) 1 W/ 30 dBm
Mode transition power (P™™) 3w
Reward weights (w1, w2) 1,5

During training, each episode consists of 200 time steps.
Considering the transition latency of RUs, each time step
is set to 1s, which is also the interval for both energy
consumption measurement and sleep/active mode decisions.
The energy consumption recorded at each step corresponds to
the instantaneous value, while the total energy consumption
is obtained by summing over all steps in an episode. For
the TD3 model, both the actor and critic networks consist of
four fully connected layers, with activation functions and layer
sizes detailed in Table III. The Adam optimizer is used for
parameter updates, and Batch Normalization (BN) is applied
to improve training stability. For the DQN-based models, each
network contains five fully connected layers, with architectures
also provided in Table III.

We evaluate three centralized DRL approaches: DQNSA,
DQNMA, and TD3, which together provide a representative
coverage of both value-based and policy-based methods. To
investigate scalability in large-scale or distributed deploy-
ments, each of these approaches is further extended to a
federated learning setting, resulting in the Fed-DQNSA, Fed-
DQNMA, and Fed-TD3 models. In the federated setting,
agents are trained on separate local regions and periodically
aggregated into a global model, whereas the centralized setting
relies on a single combined environment. This design enables
a systematic comparison between centralized and federated
paradigms across different DRL architectures.

TABLE III: Network Configurations

Layerl Layer2 Layer3 Layer4 Output Layer
Actor BN+relu 512 | relu 256 | relu 128 | None sigmoid M
Critic relu 512 relu 256 | relu 128 | None linear 1
DQNSA relu 512 relu 384 | relu 256 | relu 128 | linear M2
DQNMA | relu 512 relu 384 | relu 256 | relu 128 | linear 2M
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Fig. 4: Nlustrates the rewards of TD3, DQNMA and DQNSA
model in 500 mx500m area with 6 RUs and 20 UEs.
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Fig. 5: Tllustrates the average energy consumption in

500mx500m area among 6 RUs and 10 to 40 UEs with
DQNMA, DQNSA and TD3 models. The maximum theoreti-
cal energy consumption is 126W.

B. Numerical Results

In Fig. 4, we present the reward performance of the
centralized TD3, DQNSA, and DQNMA models over 2500
episodes in a 500,m x 500,m network layout. The results
clearly highlight the advantages of continuous-action methods:
the TD3 model consistently outperforms both DQN variants,
achieving the highest long-term reward with smooth conver-
gence and superior stability. In contrast, the DQNSA model
demonstrates moderate performance, yet its reward trajectory
exhibits noticeable fluctuations, reflecting the limitations of
discrete-action value approximation in adapting to dynamic
environments. The DQNMA model, while extending the action
granularity with multiple discrete outputs, does not translate
this added complexity into performance gains; instead, it yields
the lowest reward among the three. This comparison indicates
that simply enlarging the discrete action space within a DQN
framework cannot effectively capture the nuanced trade-offs
required for energy-efficient RU scheduling, whereas TD3’s
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Fig. 7: Illustrates the average energy consumption among
12 RUs and 20 to 80 UEs in 1000mx1000m area with
TD3 and DQNSA models. The maximum theoretical energy
consumption is 252W.

continuous-action formulation enables more fine-grained and
adaptive decision-making.

Fig.5 indicates the energy consumption performance in
500 mx500m area for varying UE counts ranging from 10
to 40, is still compared among the previous three models.
The figure distinctly shows the average energy consumption,
indicated by the black line in the center of each bar, while
the length of each bar represents the variance in energy
consumption. With a total of 6 RUs installed in this area,
the maximum possible energy consumption reaches 126W
when all RUs operate in active mode. The results clearly
demonstrate that all three models achieve significant energy
savings, exceeding 50% compared to the theoretical maximum.
Specifically, the TD3 model achieving up to an additional 6%
energy saving compared to the two DQN-based models.

In Fig.6 shows the reward performance over an ex-
tended simulation environment from 500 m x500m area to
1000mx1000m area. But only compare the TD3 model
against the DQNSA model due to the excessive expansion
of DQNMA action space (e.g. 2'2). In the results, the TD3
model still achieves higher and stable reward levels throughout
all episodes. Furthermore, the TD3 model demonstrates faster
and more efficient convergence toward optimal solutions. The
Fig.7 illustrates the energy consumption between the TD3
and DQNSA model, covering UE counts from 20 to 80.
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Fig. 8: Illustrates the rewards and convergence speed of TD3
and Fed-TD3 in 500 mx500 m area with 6 RUs and 20 UEs.

Numerically, the TD3 model maintains lower energy con-
sumption, approximately 144w at 20 UEs and up to around
152w at 80 UEs, significantly below the theoretical maximum
consumption of 252W (more than 40%) with all 12 RUs
active. However, the TD3 model can also achieve 5% over
the DQNSA mode, further emphasizing the TD3 model in a
complex and large-scale environment.

Having established that TD3 provides the best performance
among the centralized DRL approaches, we next extend our
analysis to examine the benefits of federated learning. As
illustrated in Fig. 8, the training reward curves highlight clear
advantages of the federated framework. To statistically vali-
date the convergence behavior, we computed the convergence
episode for five independent runs of both TD3 and Fed-TD3
and performed a Welch two-sample t-test. Fed-TD3 converges
in 858.8 &+ 127.4 episodes on average, while TD3 requires
1421.4 £ 322.6 episodes. Fed-TD3 achieves 40% reduction in
convergence episodes compared with TD3. The t-test yields
p = 0.0309 < 0.05, indicating that the faster convergence of
Fed-TD3 is statistically significant at the 95% confidence level.
The observed behavior is interpreted as an empirical outcome
of the proposed multi-area hierarchical learning setup. The
improved learning dynamics can be attributed to the aggrega-
tion of diverse policy updates across regions, which enhances
generalization and stabilizes the learning process. Moreover,
Fed-TD3 attains a higher final reward compared to centralized
TD3, indicating superior long-term performance in balancing
energy savings and service quality.

Fig. 9 compares the training reward curves of three feder-
ated DRL models: Fed-TD3, Fed-DQNMA, and Fed-DQNSA.
Both federated DQN variants exhibit significant improvements
over their non-federated counterparts, with approximately a
10% increase in final average reward. This demonstrates that
federated learning effectively enhances the generalization and
learning efficiency of value-based methods even under discrete
action settings. Notably, the final rewards achieved by Fed-
DQNMA and Fed-DQNSA closely approach that of Fed-TD3,
suggesting that with appropriate aggregation, discrete-action
methods can benefit substantially from distributed training.
However, the convergence speed of Fed-DQNMA and Fed-
DQNSA remains noticeably slower than Fed-TD3. While Fed-
TD3 stabilizes after approximately 900 episodes, the federated
DQN models require around 1,300 episodes to reach similar
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federated and centralized reinforcement learning approaches.
The first three bars represent federated models (Fed-DQN with
multiple and single actions, and Fed-TD3) applied to four
independent 500 mx500 m regions with 6 RUs and 20 UEs.
The last two bars show the performance of centralized models
(DOQN and TD3) trained on a merged 1000 mx 1000 m region
with 24 RUs and 80 UEs.

stability, indicating a relative slowdown of about 30%. This
gap reflects the inherent limitations of Q-learning in handling
large action spaces compared to policy-based approaches.
Fig. 10 compares the average energy consumption between
federated and centralized reinforcement learning approaches.
The federated models (e.g. Fed-DQNMA, Fed-DQNSA, and
Fed-TD3) are first trained across four geographically separated
500 mx 500 m regions. After convergence, the resulting global
models are independently evaluated in each of the original

~
o
o

—— Fed-DQN Multi-action model(4¥500m)
—— DQN Single-action model (1000m)
—— Fed-TD3 model(4*500m)

—— TD3 model(1000m)

o)
=]
o

y (Wh
B v
o =]
o o

245.44Wh
A

T

Total Energ

153.72Wh

100

0 50 100 150 200 250 300 350 400
Training episode (* 10)

Fig. 11: Mllustrates training energy consumption for different
DRL models. Each curve represents the cumulative energy
usage over time for a specific model. The red labels indicate
the total energy consumed by each model upon convergence.
The comparison highlights the efficiency differences among
federated and centralized approaches.

training regions, and the total test energy consumption is
obtained by summing across all four areas. In contrast, the
centralized models (DQN and TD3) are trained on a merged
1000mx 1000 m, environment composed of the same four
subregions, with user distributions and mobility constrained
within each 500mx500m area, as illustrated on the third
figure of Fig. 3. This setting ensures that both federated
and centralized models are tested on identical underlying
environments, allowing a fair comparison of generalization
and efficiency. The results show that federated models achieve
comparable or lower overall energy consumption than their
centralized counterparts, despite being trained without direct
access to globally aggregated data. In particular, Fed-DQNMA
and Fed-DQNSA demonstrate strong energy-saving behavior,
while Fed-TD3 incurs slightly higher energy usage. This
difference arises because Fed-TD3 prioritizes satisfying the
QoS requirements of all users, leading to fewer RUs being
turned off during testing. In contrast, the fed-DQN models are
more aggressive in RU deactivation, sacrificing service quality
for a greater reduction in energy consumption. Nevertheless,
Fed-TD3 achieves higher average rewards, indicating a better
balance between energy efficiency and user satisfaction. These
results confirm that federated reinforcement learning not only
enables scalable training across geographically distributed
areas, but also yields robust and energy-efficient policies that
generalize well when deployed in composite environments.
Note that in Fig.10, the TD3 model performs slightly worse
than the DQNSA in the 1000 mx 1000 m area. This is primar-
ily due to the significantly larger action space in the centralized
TD3 setting, which involves 24 RUs and poses challenges even
with continuous action control. It is important to note that this
comparison focuses solely on the differences between FL and
non-FL approaches.

Fig. 11 reports the total energy consumption required
for each model to reach convergence during training. The
federated models Fed-TD3 and Fed-DQNMA are compared
against centralized DQN and TD3 baselines trained on the
full 1000mx1000m area. Each data point represents the
accumulated training energy measured at the episode when



the model achieves stable reward performance. To obtain
accurate measurements, we implemented a custom power
monitoring module that continuously samples both CPU and
GPU power usage during training. The GPU power was
measured using the NVIDIA System Management Interface
(nvidia-smi), while CPU utilization was monitored using the
psutil library. Samples were collected every 100 ms, and
total energy consumption (in Wh) was computed by integrating
the average power over the training duration. All models
were trained exclusively on a single RTX 3060 GPU, with
no other significant processes running concurrently. Among
all methods, Fed-TD3 exhibits the lowest training energy
consumption at 153.72Wh, followed by Fed-DQNMA at
176.25 Wh. In contrast, the centralized DRL models consume
243.48 Wh (TD3) and 245.44 Wh (DQN), respectively—the
highest among all configurations. Notably, Fed-TD3 reduces
training energy by approximately 37.4% compared to the
centralized DQN model, while Fed-DQNMA achieves a 28.2%
reduction. These results highlight the efficiency advantage
of federated reinforcement learning in distributed training
scenarios.

VI. CONCLUSIONS

In this work, we explored energy-efficient RU sleep con-
trol within the O-RAN framework through both centralized
and federated DRL strategies. In the centralized setting, we
evaluate DQNMA, DQNSA, and TD3, demonstrating that
continuous-action control in TD3 effectively avoids the com-
binatorial growth of discrete methods while enabling coor-
dinated multi-RU decisions. Building on these insights, we
extend the solution to a FL framework aligned with O-
RAN’s hierarchical control, enabling scalable training across
geographically distributed regions without sharing raw data.
Extensive simulations across varied network scales and hetero-
geneous layouts show that the federated global models achieve
competitive or superior performance compared to centralized
training while significantly improving scalability and gen-
eralization. Compared with DQN-based baselines, Fed-TD3
achieves higher rewards, lower training energy consumption,
and better adaptability to complex action spaces. These re-
sults confirm the practicality of combining centralized DRL
optimization with FL to enable flexible and energy efficiency
network deployments.
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