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Abstract—In mobile networks, base stations (BSs) typ-
ically consist of three sectors, each operating multiple
carriers with distinct frequency bands to balance coverage
and capacity demands. In this paper, we propose a joint
carrier sleeping and traffic steering scheme tailored for
carrier aggregation (CA)-enabled multi-band networks.
First, we present a priority-based traffic steering strategy
that uses carrier priorities not only to steer traffic toward
the desired carriers but also to control carrier shut-
down, thus optimizing the network energy performance.
Then, we leverage Deep Reinforcement Learning (DRL)
to dynamically adapt these priorities to spatio-temporal
traffic variations. Results show that priority control enables
more energy-efficient carrier utilization than binary sleep
control, while maintaining user experience. Moreover, the
proposed scheme achieves more than twice the energy
savings compared to a legacy solution deployed in today’s
operational mobile networks.

Index Terms—Multi-band networks, carrier shutdown,
traffic steering, carrier aggregation, deep reinforcement
learning.

I. INTRODUCTION

nergy performance has emerged as a critical design
Epillar for future mobile networks. Although 5G
systems achieve approximately 4 times higher energy
efficiency than legacy 4G networks, their total network
power demand may still increase by a factor of 12 due
to wider spectrum utilization, massive antenna arrays,
and ultra-dense base station layouts required to meet
traffic capacity targets [1]. Consequently, energy man-
agement is of growing importance to network operators,
both to reduce operational expenditures (OPEX) and to
align with the industry-wide commitment toward carbon
neutrality under the “Net Zero 2050 vision [2].

In practical mobile network deployments, a BS usu-
ally employs a three-sector configuration, where each
sector operates multiple co-located carriers across dis-
tinct frequency bands (e.g., 0.8 and 2.6 GHz), each
providing a unique trade-off between coverage and ca-
pacity (see Fig. 1). Indeed, while lower bands offer
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Fig. 1: Typical base station with a three-sector deployment, where each
sector is served by multiple overlapping carriers: coverage carriers
operate in sub-1 GHz frequency bands to provide wide-area coverage,
while capacity carriers operate in frequency bands above 1 GHz to
enhance network capacity.

good propagation properties (i.e., long coverage dis-
tance), they provide lower bandwidth and throughput,
in contrast to higher bands that offer higher capacities
but smaller coverage zones [3]. In addition, such a multi-
band setup enables flexible spectrum utilization through
carrier aggregation (CA) to improve load distribution and
enhance throughput performance [4]. However, while
provisioning multiple carriers ensures robust network
performance, operating all carriers during low-traffic
periods (e.g., midnight hours) is often unnecessary and
usually incurs considerable energy waste. Such ineffi-
ciency highlights the need to adapt carrier operation to
temporal traffic dynamics [3]. For this reason, several
energy management techniques [5] have been proposed
and implemented in mobile networks, with carrier shut-
down being one of the most prominent approaches.
This technique consists of turning off carriers during
low-load periods (e.g., off-peak hours) and reactivating
them when traffic increases. Carrier shutdown can be
timer-based, where capacity carriers are switched off
during predefined periods such as nighttime, or rule-
based, where a load threshold determines when a carrier
is turned off [6].

More recently, machine learning (ML) based algo-
rithms have been applied to adapt carrier operation
in several ways, including traffic-aware planning [7],
adaptive sleep thresholds [8], and direct carrier shut-
down [9]. However, in carrier shutdown studies, traffic
from deactivated carriers is usually handled implicitly by



the underlying network dynamics rather than explicitly
controlled. As a result, the network has less flexibility
to influence traffic redistribution and user experience,
which may limit the achievable energy-saving gains.

In this paper, we leverage the carrier priority to
empower direct carrier shutdown with the ability to in-
fluence traffic steering towards remaining active carriers
in multi-band networks. The main contributions of this
work are as follows:

o We present a system model for multi-band cellular
networks with carrier aggregation, where users may
aggregate multiple co-located carriers within the
same sector. We introduce a carrier priority mech-
anism that steers user traffic toward aggregated
carriers while jointly controlling carrier activation
to improve energy efficiency.

« We implement a spatio-temporal traffic model that
captures both spatial heterogeneity and temporal
variations in user demand. The model employs a
Weibull distribution to statistically capture daily
traffic dynamics from recent live network datasets.
This is essential for training carrier shutdown strate-
gies, since their effectiveness depends on adaptation
to time-varying traffic demand.

e We design a deep reinforcement learning-based
energy-efficient traffic steering approach that adapts
carrier priorities to traffic dynamics while preserv-
ing user experience and preventing cell saturation.
Our solution has two variants, one using priority
solely for binary carrier activation, while the other
dynamically explores all priority levels for joint
traffic steering and energy savings. Results show
that priority control achieves more energy-efficient
resource utilization than binary control, while both
strictly outperform existing mobile network solu-
tion.

The rest of the paper is organized as follows. After
discussing related work on Section II, we present the
system model, priority-based traffic steering strategy,
and spatio-temporal traffic model in Section III. Next,
Section IV formulates the joint energy-saving and traffic-
steering as a reinforcement learning problem and in-
troduces its DRL-based solution framework. Section V
presents performance evaluation leveraging the earlier
presented traffic models. Finally, Section VI concludes
the paper and outlines future directions.

II. RELATED WORK

Carrier shutdown is one of the energy-saving tech-
niques specified by 3GPP [5], offering significant po-
tential for energy efficiency in the BS by exploiting
temporal variations in daily traffic patterns to deactivate
underutilized carriers during periods of low demand.
The currently adopted carrier sleeping in production net-
works is the fixed threshold-based strategy [6], due to its

simplicity and ease of implementation. In this approach,
two sets of ON/OFF thresholds based on Resource
Block (RB) utilization, which are manually configured
by the network operator, are employed to trigger carrier
(de)activation. To improve adaptability, ML techniques
have been applied to tune these thresholds while main-
taining user experience. Joan et al. [10] apply DRL to
adjust the thresholds, whereas Maggi et al. [8] employ
Bayesian optimization. Since traffic patterns are gener-
ally predictable, carrier shutdown can also be proactively
planned based on traffic forecasts. Dang et al. [7]
aggregate RB usage across overlapping cells to construct
a univariate time series and apply probabilistic traffic
prediction to proactively keep only the necessary carriers
operational, without incurring traffic loss. In addition,
DRL can be used to make shutdown decisions directly.
Attai et al. [9] employ a modified actor-critic algorithm
to control cell sleeping in ultra-dense networks (UDNs).
Gan et al. [11] propose a DRL-based strategy for joint
sleep control and energy sharing with renewable energy
sources in UDNs. In all previously mentioned works,
traffic handling after carrier deactivation is not explicitly
controlled, and is instead left to implicit load-balancing
mechanisms. To address this, our previous work [12]
proposes carrier shutdown with traffic offloading to co-
located active carriers. However, it does not consider
CA and limits offloading to lower-frequency bands due
to the lack of propagation modeling. In contrast, this
work jointly addresses carrier sleep control and traffic
handling in CA-enabled multi-band networks.

In operational networks, CA is adopted to leverage the
benefits of multi-band deployments by allowing users
to aggregate resources from co-located carriers within
the same BS [4]. In this context, several studies have
explored energy-efficient resource management in CA-
enabled settings [13]-[15]. Yu et al. [13] formulate an
optimization problem for energy-efficient carrier aggre-
gation; however, their model considers a single base
station and focuses on transmit power tuning for each
carrier rather than direct carrier shutdown, which may
limit energy savings. Fahime et al. [15] use a Double
Deep Q-Network (DDQN) to decide carrier activation in
CA-enabled networks from the user perspective, while
Elsayed et al. [14] address the same problem using a
constrained multi-agent Markov decision process. How-
ever, both works mainly focus on reducing energy con-
sumption at the user side. In contrast, this work targets
direct carrier shutdown to optimize energy savings at the
BS side.

III. SYSTEM MODEL

In this section, we present the system model for a
multi-band network, reflecting the realistic setup cur-
rently adopted in commercial networks [3]. In general,
a BS consists of 3 sectors, each covering a number



of collocated carriers operating in different frequency
bands (cf. Fig. 1). More precisely, we first present a
realistic yet accurate model that characterizes carrier
load on a multi-band mobile network, which is needed
to estimate power consumption per band. Our modelling
also accounts for the CA, where user can consume
radio resources of multiple carriers within the same
sector!. We then introduce carrier priority concept, that
assigns a priority level to each carrier of the sector. This
priority will then govern the splitting of traffic to the
user across aggregated carriers, while also controlling
carrier shutdown. Lastly, we detail a spatio-temporal
traffic model that captures time-varying user demand
across the day. This statistical model, derived from real
network data, is essential for training and evaluating
carrier shutdown strategies, whose effectiveness depends
on their ability to adapt to time-varying traffic demand.

A. Network Model

We consider a downlink multi-carrier cellular network
composed of N BSs and U users deployed in a hexago-
nal layout. Each BS follows a 3-sector deployment and
is further divided into K carriers within each sector. We
index each sector globally by ¢ € [3N]. Let C; j, denote
the k-th carrier (k € [K])(®) of sector 4. Each carrier
C; 1, operates on a distinct frequency band f;, with band-
width Bj. Throughout this paper, simplified notations
depending only on k (e.g., fx) are homogeneous across
all sectors.

Let p% .. denote the received power at user u € [U]
from carrier C; . at time ¢, which includes propagation
modeling according to the NR Urban Macro (UMa)
model [16]. We can then calculate signal-to-interference-
plus-noise ratio (SINR) at user u from C} ;, with noise
power level Ny as follows:

p(t)
SINR) , = Bk RGN
p ik + N 0
i'€[3N],i' i

The spectral efficiency of the link between user v and
carrier C; j, is denoted by (5(SINR§2 ) Where 6(-) is
generally determined by the Shannon capacity formula
or, as in our case, by mapping link-level results from our
proprietary simulator [17]. Accordingly, the achievable
data rate with full bandwidth utilization is expressed as
/) = SEINRY) )5

We denote Vu(t) the total traffic demand (in bits/s) of
user u at time . Since CA is considered, this demand
is split across multiple carriers within the same sector.
Let 335 ,)C w € [0,1] be traffic split ratio of carrier Cj
toward user u at time ¢. Accordingly, this split satisfies

! Aggregating multiple carriers from different base stations is classi-
fied as dual connectivity (DC), rather than carrier aggregation (CA) [4].
2For a positive integer K, [K] denotes the set {1,2,..., K}.

Dok :cgt;u =1,Vue L{i(t), where L{i(t) denotes the set of

users served by sector ¢ at time ¢t. Then, the amount of
traffic served by carrier C; ;. to user u is V(t) 5 ,1 »- The
load of carrier C; g, i.e., the RB utilization, is denoted

by K% € [0,1] and is computed as follows [18]:

0 Vi,
b= 2, —m@— @)
Eui(f’) i,k

Based on the cell load, we model the perceived
throughput of user u from C 4, using processor-sharing
queueing theory [19], where o i, Tepresents the load
factor associated with carrier C; ;.. Thus, the throughput
perceived by user u from carrier C; ,, denoted by Tz(tk) w
is modeled as a function of the carrier load and the
achievable rate, i.e., Tl(k) "= T((Et])c, Z(,zu) Readers are
referred to reference [19] for the derivation and closed-
form expression of T'(-). When user v is simultaneously
served by multiple carriers in the same sector due to
carrier aggregation, the total percelved throughput of
user u at sector 4 is T =>4 T k w

Sector-wide User eXperlence (UX): Later, in
Sec. IV-A, we formulate an energy-saving objective that
ensures a throughput reliability target for all users within
a sector. To do so, we define the ratio of users in
sector ¢ whose throughput falls below a target 7 (e.g.,
7 =5 Mbps) as:

Q™ —

1

T L (T <7), O
Uy T

where 1(-) is the indicator function, returning 1 if the
condition is true and 0 otherwise. Ql(-T’t) represents the
low-throughput user ratio of the sector.

Power consumption: We define the variable 0(12 €
{0,1} to indicate the state of carrier C;j whether
it is active (1) or inactive (0) at time t. In realistic
deployments, the lowest-frequency layer C; 1 is always
active to ensure coverage, while C;, Yk > 1, may
be shut down to save energy. We express the power
consumption of C;j, at time t as PZ(Q = P(KE ,1, l(t,z)
where it is a function of carrier load and state. In our
simulator, P(+) interpolates real power consumption data
from vendor products, along with radio characteristics
such as frequency, number of transceivers N} R transmit
power PT. Fig 6¢ shows how P(-) varies with the
carrier load E . For reproducibility, readers can refer
to the open- source P(-) in [20].

B. Priority-Based Traffic Steering

In our framework, traffic steering refers to the mech-
anism that governs radio resource utilization across
multiple carriers (i.e., CA) within the same sector. The
proposed traffic steering framework draws inspiration
from the cell reselection priority standardized for idle-
mode mobility in 3GPP [21]. In this mechanism, each



frequency is assigned a priority value that guides user
to camp on highest-priority frequencies when signal
quality permits, thus enabling implicit load balancing
across frequency layers. Inspired by this design, we
present a similar concept for connected-mode operation,
whereby a priority value is assigned to each carrier and
used internally by the base station to steer user traffic
across multiple bands. This strategy remains simple yet
practical and can be easily implemented within current
network operations. Fig. 2 illustrates this priority-based
traffic steering procedure. In general, traffic is steered
toward the carrier with the highest priority. If multiple
carriers share the same priority level, CA is enabled.

- - = - Link with unsatisfied coverage condition
——— Link with satisfied coverage condition
(red indicates selected link(s) for traffic)

(tl‘l))

Fig. 2: Priority-based traffic steering with two users: Orange sector
sends traffic to orange user on highest-priority (3) carrier. The blue
sector aggregates traffic from two carriers of equal highest-priority
(2) to serve blue user when priority-3 carrier’s coverage condition is
unsatisfied. The priority-0 carrier in orange sector is shut down, with
no signaling present.

More formally, we denote by /)Z(-t,)C € {0,1,...,pm}
the integer priority of carrier C; j at time ¢, where Pm
is the maximum priority level. We formulate that the
priority not only guides traffic steering but also enables
carrier shutdown control: pitll = 0 deactivates the carrier
(.e., 0'1( A
O'Z( © = 1) and steers traffic accordingly. Recall that the
lowest frequency carrier (i.e., kK = 1) remains always
ON (0! = 1.

First, the BS determine the serving sector ¢* for each
user u at time ¢ by associating the user with the sector
that provides the strongest received power on the always-
on carrier (k = 1), as 7" = arg max; pg'?u Then, within
sector ¥, the BS filter out carriers that do not(t)satisfy

= 0), while p() > 0 keeps it active (i.e.,

Jkyu k,u

the coverage condition o > P, Where pT is
effectively the signal-to-noise ratio (SNR), and pyy, is
the coverage threshold.

Finally, we denote by Idf) the set of coverage-satisfied
carriers with the highest priority in sector ¢* for serving
user u at time . We model the traffic fraction assigned
to user u on each selected carrier Cj« 1, for all k € ICq(f)

as [14]: »
® i ko
xz‘*,k,u - (t) . (4)
Dobexc® Tix i

This allocation distributes traffic proportionally to the
carrier capacities. When ICSLt) contains a single carrier

k, all traffic is assigned to it (:E = 1); otherwise,

Lk:u

if ICu = (), the traffic defaults to the always-on carrier
(l.v(lf‘),l,u = 1)

C. Spatio-Temporal Traffic Model

In preparation of the evaluation in the next part,
we present the spatio-temporal traffic model, inspired
by [22], to capture both the spatial variation of traffic
volume across the deployment area and its temporal
evolution throughout the day.
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Fig. 3: (a) Fitted Weibull probability density at 9 p.m. (b) Temporal
evolution throughout the day of Weibull parameters

It has been shown that spatial traffic density is typi-
cally highly skewed and can be well approximated by a
log-normal or Weibull distribution [22]. For this reason,
we first collect hourly traffic measurements from 136
sectors of an anonymous operator between February
3 and March 2, 2025. The data is then processed
and subsequently fitted with a Weibull distribution to
statistically capture its spatial heterogeneity. The Weibull
fitting results on the collected dataset are depicted in
Fig. 3, where the estimated parameters kw (shape) and
)\E,f, (scale) characterize the distribution of traffic density
for each hour of the day ¢ € {0,1,...,23}.

Given the fitted Weibull distribution, one can now
generate a spatial traffic density distribution. The process
begins by generating a Gaussian random field R¢ (m, n)
over the 2D grid (m,n) € [Mg] x [Ng], using a sum of
cosine functions:

Rg(m,n) = \F Zcos (iym + ¢) cos(gim + ), (5)

where L is the number of sinusoids (set to 10), ¢; and
ji are uniformly distributed in [0, wmax] With wpax =
0.011592, and ¢; and ¢/; are uniformly distributed in
[0, 2], following the configuration in [22]. The gener-
ated field is normalized to [0, 1] to obtain Ry (m,n),
subsequently transformed via the Weibull percent point
function [23]:

VO (m,n) = F-Y(RG(m,n); k3, A, (6)

where F~! denotes the inverse cumulative distribution

function (CDF) of the Weibull distribution, yielding the
traffic density V() at each grid point (1, 7) and time ¢.



User experience: Poor Fair Good Great
Throughput “at click” 5 Mbps 10 Mbps 20 Mbps
Time-to-content 40s 2.5 sec 15s

Fig. 4: Correlation between TTC and DL throughput [24]

The resulting continuous distribution V() is quantized
into ten discrete levels, creating hotzones h € [10] with
relative volumes Vh(t). A total of U users are uniformly
deployed over the map, each located in a hotzone h(u)
(cf. Fig. 5). The per-user traffic demand V( ) introduced
earlier can then be computed as v = V}ftu [ Un !,
where Up(,) denotes the set of users w1th1n hotzone

h(w), such that Zue[U] 4% Zhe[lo] V( :

IV. JOINT ENERGY SAVING AND TRAFFIC STEERING
A. Problem Formulation

The goal of joint energy saving and traffic steering
is to reduce the energy consumption of BS while main-
taining acceptable UX and preventing cell saturation. In
this work, we use the Time-To-Content (TTC) [24]
metric proposed by Ericsson as a practical proxy for
user experience, reflecting the responsiveness perceived
by end-users (Fig. 4). Our UX target is to minimize the
occurrence of Poor UX by constraining the proportion
of users with throughput below 5 Mbps to less than
5% (e, QY < & with ¢ = 0.05). We formulate
the problem at the sector level and define the objective
function for each sector ¢ as follows:

T-1 K

t) .

H%gl ZZPW Vi, (7a)
Pik t=0 k=1

st O <1, vk, (7b)

QE"”” <& Vi, (7¢)

The objective (7a) minimizes the total power consump-
tion of sector ¢ over the horizon 7" = 24 hours by con-
trolling priority variables pgt,)c, while (7b) prevents cell
saturation and (7c¢) maintains the UX target. This for-
mulation yields a non-convex mixed-integer non-linear
programming (MINLP) problem, which is NP-hard due
to the discrete priority variables and the non-linear
coupling between power usage, cell load, and through-

put through the traffic-split variable 28 (Sec. III-B)

i,k,u
and the traffic demand Vu() (Sec. II-C). Moreover,
as Vu(t) evolves spatio-temporally and is unknown a
priori, optimization methods would require additional
forecasting or repeated re-optimization to track these
variations. The MINLP mainly serves as a conceptual
formulation of the problem, while direct optimization
is beyond the scope of this work because the objective
and constraints are simulator-driven, making tractable
approximation difficult without further simplifying as-
sumptions. In contrast, reinforcement learning (RL) can

learn adaptive policies directly from interactions with the
environment, enabling instantaneous adaptation to traffic
dynamics while optimizing long-term energy efficiency,
which makes it a suitable framework for this problem.

B. Deep Reinforcement Learning (DRL) formulation

DRL is a decision-making framework where an agent
leverages deep neural networks to learn a policy that
maximizes cumulative rewards through interaction with
an unknown environment. It is modeled as a Markov De-
cision Process (MDP) M = (S, A, P, R). At each time
step t, the agent observes the current state s*) € S and
selects an action a*) € A. This action causes a transition
to a new state st} € S according to the transition
probability function P : Sx AxS — [0, 1], and yields a
reward 7(*+1) from the function R : Sx.4 — R. In order
for the base station to set the priority for each carrier,
we consider each sector ¢ as an independent agent that
operates autonomously. The MDP is defined as follows:

1) State: At each time t, the agent observes s(*) with
the following features from sector ¢: the total number of
users connected to sector 4, denoted by |Z/l ®) | the aver-
], Vk; the
t-1),

age throughput of each carrier TE ,1 =E, [T(t

i,k,u
load of each carrier 67( ,1, Vk; the previous action al
and encoding of the time step ¢ to capture daily periodic
patterns. The dimension of the state is then a vector
S(t) c R?)K +3'

2) Action: After observing the state s(*), the agent
determines the discrete priority level pft,)g for each car-
rier k£ in sector 7. As introduced earlier in Sec. I1I-B,

priority variable pgt,)c can control energy saving, where

p% 0 deactivates a carrier, and p() > 0 governs

CA traffic steering by determining how user traffic is
split among the active carriers. The number of possible
actions is |A| = (pm + 1)¥
3) Reward: The reward signal is aligned with the
optimization objective (7) and consists of three compo-
nents:
o Power consumption: Encourages energy efficiency
by penalizing high power usage, defined as rg) =
- ﬁ(t) where 15(t) € [—1, 1] is the min—max scaled
version of the total power of sector ¢, with P( ) =
i P
o User eXperience (UX): Penalizes Poor service
quality when the proportion of Poor- throu%’hput
users exceeds the target &, expressed as rg =

1@ > ¢).
o Cell saturation: Penalizes cell overload when any
carrier in sector ¢ operates at or above full capacity,
defined as rét) = — 1(6% > 1, sz).

The overall reward is computed as a weighted sum of
the individual components:

(®)

r® = wp rp (¢

+ wq Ut (t)

) wer?, (8)



where wp, wg, and wy control the trade-off among
energy efficiency, user experience, and saturation avoid-
ance, respectively. In this work, after operational and
empirical assessments, we set wy, = 1, wg = 2, and
wp = 1.

C. Proximal Policy Optimization

In our MDP formulation, the state—transition dynam-
ics P are unknown, requiring the agent to learn an
adaptive policy mp(a®|s*)), parameterized by 6. This
policy defines the probability of selecting an action a(*)
given a state s*) and is optimized to maximize the

expected discounted return E, -, [ 3:31 »ytr(t)} , Where

v € [0,1] controls the trade-off between short- and long-
term rewards.

We adopt the Proximal Policy Optimization (PPO)
algorithm [25] to learn the policy 7y, as it provides stable
learning by preventing large policy updates. Importantly,
PPO is particularly suitable for our multi-carrier control
problem, in which the agent operates at the sector level
and jointly controls multiple carriers. By natively sup-
porting multi-discrete action spaces, PPO enables each
action dimension to correspond to an individual carrier-
level decision within the sector. This factorized action
representation avoids enumerating all carrier combina-
tions in a single discrete action space, thereby reducing
learning complexity and improving scalability.

Formally, PPO maximizes the clipped surrogate ob-
jective that constrains policy updates:

£(6) = By [min (Tu(0)Ar, A, +2[A])], ©
where T;(0) = %
ratio between the fllf)dated and old policies, and the
clipping operation constrains the policy update within
€ to ensure stable learning. Ay is the advantage func-
tion used in Generalized Advantage Estimation (GAE)
method [26] to reduce the variance of policy gradient
estimates while maintaining low bias, expressed as:
T—t—1
A= )" (N s,
1=0
6 =10 4 4V (sEH) — v, (sM).

where A,y € [0,1] are the GAE parameter and
the discount factor, respectively. V, is a value func-
tion (a neural network parameterized by ¢) used to
guide policy updates. In addition, an entropy bonus
ce Egrr, [—logmo(a | sM)] is added to L£(6) to encour-
age exploration, where c. denotes the entropy coeffi-
cient. Finally, the policy and value networks are updated
with learning rate « by stochastic gradient ascent and
descent:

0 0+ aVeL(0),
¢ ¢ — aVE[Vy(sW) — 31, 442,

denotes the probability
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Fig. 5: Hexagonal network layout. The user (UE) is color-coded by
HotZone, each corresponding to a different level of traffic demand
(Recall sec. III-C).

Complexity analysis: The overall computational com-
plexity of PPO is mainly determined by the size of
its neural networks, with complexity approximately
(Q(X:ZL:1 ny_1n;), where n; is the number of neurons
in the [-th layer, and L is the total number of layers.
The number of neurons in the input layer of the policy
and value networks are 3K + 3. The size of the output
layer of the policy network is (p,, + 1)K, owing to the
multi-discrete action formulation, instead of (p,, + 1)%
as in a flat discrete action space. In contrast, the output
layer of the value network has only one neuron for the
state value.

V. PERFORMANCE EVALUATION
A. Experiments setup

Our experiments use a proprietary time-static system-
level simulator [17] to model multi-carrier 3-sector BSs
with a hexagonal layout shown in Fig. 5. The policy
is trained jointly across all sectors, and then applied
individually at each sector. Aggregating the diverse
experiences from all sectors enables the shared model
to better learn and generalize to varying traffic demands
across the network. Table I summarizes the system
configuration and algorithm (PPO) hyperparameters.

TABLE I: Configured system parameters and PPO hyperparameters

System
parameter

PPO hyperparameter

in Ray RLIib [27] Value

Value

Number of BSs (B) 7 Training time steps 96 000
Number of users (U) 2000  Learning rate () 2x107%
Max priority level (pm) 2 Hidden layers [256, 256]
Frequency band (fj) (0.8, 1.8, 2.6, 3.5) GHz  Discount factor (), A 0.99, 0.95
Bandwidth (by) (10, 20, 20, 100) MHz  Clip parameter (¢) 0.25
N° of transceivers (N;'%) (2.4,4,32)  Train batch size 480
Transmit power (P,;[) (40, 80, 80, 200) W Minibatch size 240
Modulation scheme (64, 64, 64, 256) QAM  Iterations per batch 6
Inter-site distance 1000 m  Entropy coefficient (ce) 0.06
Propagation model NR Urban Macro [16]  N° of {Learners, Workers} {1, 20}

1) Baselines: To assess the performance of our pro-
posed solutions we implement the following baseline
strategies for comparison with our DRL approaches as
follows.



Always-On: All carriers remain active. The 3.5 GHz
carrier with the highest capacity (100 MHz, 256QAM) is
assigned priority 2, while the rest 0.8-2.6 GHz carriers
(10-20MHz, 64QAM) share priority 1, enabling CA
among them. This setup reflects best practice in today’s
mobile networks throughput-oriented configuration.

Rule-Based [6]: A production network solution that
pairs a capacity carrier with a coverage carrier and
manually configures their cell load thresholds (¢on, tof)
to turn on/off the capacity carrier. In this baseline, the
capacity and coverage carriers are set to 2.6 GHz and
1.8 GHz, respectively, with (fof, fon) = (0.1, 0.25).

2) Our strategy: We consider two variants of our
DRL-based approach to optimize priority configuration,
as follows.

DRL-OnOff: The agent makes binary priority deci-
sions for the 1.8-3.5 GHz carriers, where each carrier
is either inactive (pgt,l = 0) or follows the Always-On
priority. In practice, this policy replaces the thresholds in
Rule-Based strategy with DRL-based on/off decisions.

DRL-Priority: Each sector ¢ acts as an agent that sets
priority values pl(.t,l € {0,1,..., pm} for each carrier to
adapt traffic steering to spatio-temporal dynamics.

Note that, although simpler and aligned with current
implemented priority settings, DRL-OnOff offers less
flexibility than DRL-Priority. In fact, the latter strategy
in addition to turning off carriers (pz(,f,)C = 0) it offers the
capability to decide traffic splitting to remaining active
carriers.

B. Experimental results

1) Independent carrier-level evaluation: Before pre-
senting the DRL-based energy-saving performance, we
first conduct system-level simulations to characterize the
behavior of each frequency carrier in the considered
wireless environment. Each carrier is evaluated inde-
pendently, without joint multi-carrier modeling. These
results aim to provide a clear understanding on how
our simulator realistically models each carrier et the
parameters impacting its performance. Such analysis
provide useful insights for analyzing the performance of
the proposed DRL-based framework in the next sections
of the paper.

Fig. 6a presents the received power distribution for
the considered carriers. As expected, the 0.8 GHz carrier
achieves the highest received power due to its favorable
propagation characteristics and lower penetration loss.
This is followed by the 1.8 and 2.6 GHz carriers, which
exhibit reduced performance as frequency increases. The
3.5 GHz carrier achieves improved cell-center (median)
received power than 2.6 GHz due to its 32 TRs massive
MIMO array gains. At cell-edge (5%-tile), performance
is comparable between the two carriers. Fig. 6b depicts
the capacity of each carrier in terms of carrier load
(utilization) as the traffic demand per area increases. The
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Fig. 6: Characteristics of each frequency carrier within a sector. Sim-
ulations are performed independently for each carrier (single-carrier
analysis), not jointly across carriers. Detailed carrier configurations
are listed in Table I.

1.8 and 2.6 GHz carriers achieve higher capacity than
0.8 GHz, while 3.5 GHz provides roughly an order-of-
magnitude greater capacity than 2.6 GHz. This is mainly
attributed to differences in available bandwidth, modula-
tion schemes. Lastly, Fig. 6¢ shows the power consump-
tion of each carrier as the load increases. As the power
model P(-) accounts for carrier-specific characteristics
(Sec. III-A), the 3.5GHz carrier exhibits significantly
higher power consumption than lower-band 0.8-2.6 GHz
carriers, primarily due to its higher transmit power
(200 W) and larger number of transceivers (32 TRs).

2) DRL-based performance: We show in Fig. 7 the
learning curves for both DRL strategies. One can easily
see that both training trajectories reach convergence after
a number of training steps. In fact, DRL-OnOff, with its
smaller action space (on/off over 3 carriers), converges
faster, whereas the DRL-Priority approach explores a
wider range of control strategies and thus converges
more gradually.
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Fig. 7: Learning curves of the proposed strategy using PPO.

Fig. 8 further compares the performance of the pro-



posed DRL models in terms of energy saving (gains) and
User eXperience guarantees to the classic Rule-Based
and Always-On strategies. These results are obtained for
a simulation run of 24 hours over the 21 sectors of Fig.
5. Looking at UX satisfaction, which reflects compliance
with the throughput reliability objective, the DRL-OnOff
achieves a performance close to the Always-On solution,
while DRL-Priority attains slightly lower UX satisfac-
tion. This is likely because DRL-Priority learns a more
complex policy over a larger control space. Nevertheless,
both DRL approaches obtain an acceptable UX satisfac-
tion exceeding 99%. The strength of our strategies lies in
their energy-saving gains, with DRL-Priority achieving
slightly higher savings than DRL-OnOff. More interest-
ingly, both of our proposed strategies outperform the
legacy Rule-Based approach by more than doubling the
energy saved during 24 hours. While the daily energy
gain may seem moderate, it scales to substantial yearly
savings across thousands of base stations nationwide [3].
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Fig. 8: Comparison of different energy-savings strategies.

3) Hourly and carrier-based analysis: We now com-
pare the energy-saving behavior of the two DRL strate-
gies by examining the power consumption trajectory
over the day and contrast it with selected baselines in
Fig. 9. The midnight period (0-6 a.m.) corresponds to
low-traffic hours, during which energy-saving strategies
are most effective. In this interval, DRL-Priority and
DRL-OnOff exhibit similarly low power consumption,
with DRL-Priority being opportunistically lower. After
6 a.m., when traffic demand increases, DRL-Priority
consistently maintains lower power consumption than
DRL-OnOff. This indicates the effect of priority adjust-
ments on traffic steering, enabling more efficient carrier
utilization.

-~ Always-On Rule-Based ~@- DRL-ONOff =~ DRL-Priority

0 6 12 18 24
Hour of the day (t)

Fig. 9: Network power consumption throughout the day

For further investigation, we examine the active time
of each carrier per sector in Fig. 10. During the midnight
hours (0-6 am), all strategies (except the Always-On)

shut down 2.6 GHz carriers (roughly 0% uptime). Fur-
thermore, in this period, both DRL-Priority and DRL-
OnOff generally shuts down the 3.5 GHz carrier (0%
active time). After midnight, both DRL-based strategies
keep the 1.8 and 3.5 GHz carriers active to satisfy UX
constraints, while turning off the 2.6 GHz carrier. The
Rule-Based approach, in contrast, conservatively adapts
the 2.6 GHz activation according to carrier-load demand.
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Fig. 10: The average percentage of active time for each carrier per
sector (mean =+ std).

While both DRL-based strategies exhibit similar be-
havior, DRL-Priority shows a tendency toward higher
energy savings. Fig. 9 suggests that dynamic priority
adjustment enables more efficient carrier utilization.
Indeed, we observe in Fig. 11 that DRL-Priority steers
more traffic to the 1.8 GHz carrier instead of the 0.8 GHz
one. This is achieved by assigning the 0.8 GHz carrier
the lowest priority. By steering less traffic toward the
low-band 0.8 GHz carrier, energy consumption is ef-
fectively reduced. As shown in Fig. 6b, we illustrate
the utilization (i.e., capacity usage) of each carrier as
traffic demand scales. It can be observed that the 0.8
GHz carrier is the most sensitive to traffic load: even
a smaller traffic demand results in higher utilization
compared to higher-frequency bands. This behavior is
expected, since low-band carriers typically have limited
bandwidth despite their advantage of wider coverage.
Consequently, this higher utilization translates into in-
creased power consumption, as power scales with carrier
load (see Fig. 6c). Therefore, steering traffic toward
higher-frequency bands is more efficient in terms of
carrier utilization and energy consumption.

Furthermore, all strategies assign the highest priority
to the 3.5GHz carrier, attracting about 90% of total
traffic as shown in Fig. 11. We acknowledge that such
behavior is energy-efficient, as the 3.5 GHz carrier’s high
capacity yields lower carrier load than the 0.8-2.6 GHz
bands under the same demand. Fig. 6b shows that the
3.5 GHz carrier can handle roughly ten times the traffic
demand of the 0.8-2.6 GHz bands while maintaining
a low carrier utilization of approximately 0.2. This is
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sector (mean =+ std).

attributed to the use of Massive MIMO antennas and
the wide available bandwidth of 100 MHz (cf. Table I).

Our results underscore the practical potential of dy-
namic priority control, a mechanism that can be easily
implemented in existing Radio Access Networks (RAN)
architectures to jointly adapt carrier activation and traffic
steering to varying traffic demands. As a consequence,
energy efficiency can be enhanced without affecting user
experience.

VI. CONCLUDING REMARKS

In this paper, we leverage the concept of carrier
priority as a unified parameter to control both carrier
activation and traffic splitting in CA-enabled multi-band
mobile networks. To do so, we train a DRL agent to
dynamically adapt these priorities across spatial and
temporal traffic variations, optimizing energy savings
while satisfying user experience constraints. Numerical
results show that the proposed method can intelligently
steer traffic for more efficient carrier utilization, achiev-
ing additional energy savings compared to baseline
approaches. This approach is particularly promising, as
the priority mechanism can be easily implemented in
existing RAN systems. For future work, we plan to
assess the generalization of our solution under diverse
load scenarios and extend the framework to multi-agent
cooperation among neighboring sectors.
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