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ABSTRACT The demands of ultra-reliable low-latency communication (URLLC) in “NextG” cellular
networks necessitate innovative approaches for efficient resource utilization. The current literature on
6G O-RAN primarily addresses improved mobile broadband (eMBB) performance or URLLC latency
optimization individually, often neglecting the intricate balance required to optimize both simultaneously
under practical constraints. This paper addresses this gap by proposing a DRL-based resource allocation
framework integrated with meta-learning to manage eMBB and URLLC services adaptively. Our approach
efficiently allocates heterogeneous network resources, aiming to maximize energy efficiency (EE) while
minimizing URLLC latency, even under varying environmental conditions. We highlight the critical
importance of accurately estimating the traffic distribution flow in the multi-connectivity (MC) scenario, as
its uncertainty can significantly degrade EE. The proposed framework demonstrates superior adaptability
across different path loss models, outperforming traditional methods and paving the way for more resilient

and efficient 6G networks.

INDEX TERMS

eMBB, DRL, URLLC, resource allocation, O-RAN.

. INTRODUCTION

HE RELENTLESS evolution of wireless communica-

tion technologies has paved the way for unprecedented
connectivity, catalyzing transformative changes across var-
ious sectors of society. From the advent of 1G analogue
systems to the current era dominated by 5G networks,
each generation has witnessed remarkable advancements in
terms of data rates, latency, and network capacity [1], [2].
However, as we stand on the cusp of the sixth generation
(6G) of cellular networks, the paradigm is set to shift once
again, ushering in an era characterized by ultra-reliable low-
latency communication (URLLC), massive machine-type
communication (mMTC), and enhanced mobile broadband
(eMBB) services [3], [4]. 6G networks, often referred to
as “NextG” networks, are envisioned to be the corner-
stone of the future digital infrastructure, empowering a
wide variety of emerging technologies such as autonomous
vehicles, augmented reality, and the Internet of Things

(IoT) [5], [6]. The essence of 6G lies in its ability to
provide seamless connectivity with ultra-low latency and
high reliability, particularly for URLLC applications in a
highly energy-efficient manner [7]. These applications are
critical in scenarios where real-time communication and
immediate feedback are paramount. However, achieving
stringent URLLC requirements, such as latency below one
millisecond and reliability above 99.999%, poses significant
challenges, particularly when coupled with the need for
improved energy efficiency (EE) [8]. EE is an increas-
ingly vital consideration in the design and deployment of
NextG networks. The proliferation of connected devices,
the growing demand for data-intensive applications, and
the environmental concerns associated with high energy
consumption necessitate the development of energy-efficient
network architectures. To realize the full potential of NextG
networks, it is imperative to design intelligent algorithms
and network architectures that meet stringent performance

(© 2024 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.
For more information, see https://creativecommons.org/licenses/by/4.0/
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requirements and ensure EE, scalability and flexibility [9].
In this context, the Open Radio Access Network (O-RAN)
concept has garnered significant attention as a promising
framework for building agile and cost-effective cellular
networks [10], [11]. O-RAN introduces disaggregation and
virtualization of network components, enabling interoperabil-
ity between hardware and software from different vendors.
This disaggregated architecture promotes innovation and
facilitates the deployment of various services customized to
specific user requirements [12], [13]. Within the realm of 6G
O-RAN, one of the key challenges is the efficient allocation
of network radio resources to meet the diverse needs of
eMBB and URLLC applications [14] while maximizing
overall network EE. Traditional resource allocation strategies
do not consider network EE and often optimize either overall
network throughput, eMBB throughput, or URLLC latency
individually, overlooking the intricate trade-offs between the
two. Moreover, the heterogeneity of traffic demands and
the dynamic nature of wireless channels exacerbate the
complexity of resource allocation in 6G networks [15], [16].
Addressing these challenges requires novel approaches that
leverage advanced techniques such as multi-connectivity
(MC) and network slicing (NS) to steer traffic intelligently
across the network. MC architecture refers to the design
and implementation of network systems that enable users
to simultaneously connect to multiple types of network or
multiple network layers, thus improving reliability, capacity,
and coverage. This architecture is crucial in the development
of NextG networks, where seamless connectivity and high
performance are mandatory [17], [18], [19].

A. RELATED WORKS

Energy-efficient resource allocation has been widely studied
in the literature; however, most of these works mainly
focus on optimizing transmit power and beamforming
vectors [20], [21]. The authors in [22] have proposed an
RRM algorithm that maximizes downlink (DL) EE while
minimizing interference and enhancing network performance
in heterogeneous wireless networks based on cognitive radio.
Their simulation results show improved QoS, fairness, and
EE. The work in [23] focuses on enhancing EE in hetero-
geneous cloud RAN through joint optimization of resource
block (RB) assignment and power allocation via intelligent
cell association and interference mitigation. More specifi-
cally, it presents an enhanced soft fractional frequency reuse
scheme to allocate radio resources effectively, distinguishing
between high- and low-rate-constrained QoS requirements.
The optimization problem is addressed using an equivalent
convex feasibility problem and an iterative algorithm. The
proposed approach results in significant EE improvements in
heterogeneous cloud RAN over traditional architectures. An
energy-efficient radio resource management (RRM) approach
for wireless networks is proposed in [24]. This study tackles
the performance-explainability trade-off in AI models using
Kernel SHAP, CERTIFAI, and Anchors methods to generate
feature importance explanations and simplify a reinforcement
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learning (RL) agent. The goal of the RL agent is to
learn optimal RRM decisions to reduce network energy
consumption. The methodology reduces the RL agent’s
complexity by 27-62% without losing performance. It shows
that using an Anchors-based inference process can replace
an Al-based process with similar performance but higher
interpretability.

In URLLC and eMBB enabled NextG networks, ML-
based RRM has garnered significant research attention due to
its potential to optimize network performance by balancing
stringent low latency and high reliability requirements
with high data throughput needs [25], [26]. In [27], the
authors address resource allocation challenges in multicell
wireless systems that serve both eMBB and URLLC users.
They propose a distributed learning framework leveraging
a Thompson sampling-based Deep Reinforcement Learning
(DRL) algorithm to make real-time resource allocation
decisions in O-RAN architectures. By deploying trained
execution agents at Near-Real Time Radio Access Network
Intelligent Controllers (Near-RT RICs) at network edges,
the approach ensures efficient online decision-making.
Simulation results demonstrate the effectiveness of this
algorithm in meeting QoS requirements for both eMBB and
URLLC users, optimizing resource utilization in dynamic
wireless environments. Likewise, [28] present a novel
approach to energy-efficient resource allocation for eMBB
and URLLC users within O-RAN environments. Utilizing
on-policy and off-policy transfer learning strategies within a
DRL model, the proposed framework dynamically allocates
RBs, makes radio resource puncturing decisions, and adjusts
transmit power to optimize EE. With the help of simulation
results, it is shown that the method effectively achieves rapid
convergence to optimal resource distribution policies that
enhance EE even under varying and unpredictable channel
conditions. An energy-efficient packet delivery mechanism
that incorporates frequency hopping for uplink (UL) and
proactive drop for DL is proposed in [29]. This mechanism
reduces the probability of DL outage and controls the overall
reliability of DL. An optimization problem is formulated
to minimize the average total power consumption under
URLLC constraints, solving it with a three-step method
that involves bandwidth allocation, antenna configuration,
and subchannel assignment. Simulation results validate the
approach’s effectiveness in achieving significant power sav-
ings, improving EE, and meeting URLLC QoS requirements.

In [30], the authors propose a resource allocation scheme
to improve EE in networks supporting eMBB and URLLC.
They propose an energy-efficient and spectral-efficient non-
orthogonal slicing scheme that allows eMBB and URLLC
services to coexist on the same physical infrastructure. By
jointly optimising beamforming and RRU selection, the
study tackles the EE maximisation problem using different
methods such as the Dinkelbach algorithm, reweighted
£1-norm, and difference of convex programming. Their
simulation results show that the proposed method improves
EE and optimizes resource allocation, making it a promising
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solution for NextG networks. In [31], the authors propose an
energy-efficient resource allocation scheme for ultra-dense
networks that accommodate both eMBB and URLLC users.
They formulate the problem as a non-convex combinato-
rial integer fractional programming problem, which they
decompose into two sub-problems: RB allocation and power
allocation. The proposed alternating optimization algorithm
effectively balances EE and QoS requirements by employing
continuous convex approximation and difference of convex
programming. The simulation results show that the proposed
algorithm significantly improves EE while ensuring QoS for
both eMBB and URLLC users.

To address the issue of URLLC and eMBB resource
allocation in NextG networks with MC, Li et al. [32]
have proposed a spectrum-saving approach for URLLC-
enabled industrial automation by focusing on joint DL and
DL transmission in a single-cell setting. Their approach
integrates MC with grant-free contention-based access, data
replication, and broadcasting to enhance reliability and
minimise bandwidth usage. The study derives the packet
loss probability by considering both collisions due to
contention-based access and decoding errors due to dynamic
wireless channels. They analyse the optimal configuration of
subcarrier spacing and transmission time intervals to support
data replication within limited bandwidth and end-to-end
latency constraints. In addition, they prove the relationship
between collision probability and packet loss probability,
identifying the optimal block length that minimizes the
required bandwidth. Through simulation, it is shown that
the proposed framework optimizes transmission durations,
block lengths, and replica numbers to reduce bandwidth,
validating the effectiveness of their cross-layer resource
allocation strategy. From a perspective of vehicular networks-
based MC, Xue et al. in [33] have proposed a power
allocation scheme for URLLC users that improves reliability
and efficiency. They introduce a DL URLLC transmission
method, where URLLC packets are duplicated and sent over
multiple independent links simultaneously. This approach
ensures that packet transmission fails only if all independent
links fail, thus improving reliability.

B. MAIN CONTRIBUTION

Existing literature primarily focuses on optimizing eMBB or
URLLC independently, often neglecting the critical interplay
between these two performance metrics. Moreover, existing
approaches frequently overlook the significance of accurately
estimating traffic distribution in MC scenarios, which can
lead to suboptimal EE and degraded network performance.
Additionally, existing studies frequently fail to account for the
dynamic nature of network environments and the heterogeneity
of traffic demands, which can significantly hinder the adapt-
ability and robustness of resource management approaches. In
this work, we propose a comprehensive framework for energy-
efficient resource utilisation in 6G O-RAN, that integrates
meta-learning with DRL to dynamically optimize traffic
split between eMBB and URLLC services. This innovative

VOLUME 5, 2024

approach not only facilitates adaptive and real-time traffic
splitting but also enhances the generalization capabilities of
resource allocation across diverse environmental conditions.
By formulating the RAN resource allocation problem, we aim
to maximise EE and minimise URLLC latency simultaneously,
subject to stringent quality of service (QoS) requirements and
practical constraints such as orthogonality, power efficiency
and limited front-haul capacity. The key contributions are as
follows:

« We propose an intelligent resource allocation framework
based on Proximal Policy Optimization (PPO), designed
to jointly optimise the EE and URLLC latency in 6G O-
RAN environments. This approach efficiently balances
the demands of both the eMBB and URLLC services,
addressing the limitations of existing methods focusing
on either aspect in isolation.

o The proposed framework is enhanced with both
on-policy and off-policy meta-learning strategies in
O-RAN, enabling adaptive and real-time resource man-
agement across varying path loss models and network
environments. This integration significantly improves
the system’s performance in terms of latency and
energy efficiency, especially under dynamic network
conditions.

o The study emphasizes the critical role of accurate traffic
distribution flow estimation between the eMBB and
URLLC services. We show that inaccuracies in this
estimate can lead to significant degradation in EE,
underscoring the need for precise traffic management
in heterogeneous network environments.

o We perform a thorough performance evaluation of the
proposed framework in different path loss models,
including urban, rural, and indoor environments.

This paper is organized as follows: Section II presents the
system model. In Section III, we formulate the resource
allocation problem and define the objectives and con-
straints of our proposed framework. Section IV details the
design of the DRL-based resource allocation framework.
Section V includes the integration of meta-learning strate-
gies. In Section VI, we conduct extensive simulations to
evaluate the performance of our proposed approach across
various path loss models and traffic scenarios. Finally,
Section VII summarizes our findings, discusses the impli-
cations of our work, and suggests directions for future
research.

Il. SYSTEM MODEL

We consider a DL orthogonal frequency-division multiple
access (OFDMA) system within the ORAN framework,
featuring K number of distributed units (DUs) K =
{1,2,...,K}, served by one centralized unit (CU). We
assume that k™ DU serves a Ny number of multi-antenna
radio units (RUs), denoted as Ny = {1,2,...,n,..., N},
which consists of both macro RU and micro RU. Each
DU k € K serves the sets of eMBB users Ulf,k =
{1, ..., Uz,k}, and URLLC users Z/{,‘l"k ={1,..., Uka}. Each
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DU is connected to the Near-RT-RIC, which features a
URLLC xApp responsible for scheduling URLLC users
intelligently, denoted by U = {1,2,..., U}, where U =
{U,,  + Uy} pertains to their respective RUs as shown in
Fig. 1. Micro RUs are uniquely capable of managing high-
density data, making them the perfect option for meeting
the demands of URLLC services. Conversely, macro RUs
offer high data rates and broad coverage for eMBB users.
In the MC configuration, the operating frequency of the
macro RU is independent of the micro RU frequencies.
Let @y and @ represent the sets of sub-band frequencies
used by the macro RU and micro RUs, respectively. The
allocation of radio spectrum in 5G New Radio (5GNR) can
be visualised across frequency and time domains. These
domains are subdivided into smaller segments known as
RBs, constituting a sum of M radio resources. Each frame
is segmented into different time slots, and each time slot
is further subdivided into L mini-slots, with each having
a duration equal to one transmission-time interval (TTI).
Each RB is characterised by a distinct bandwidth, denoted
as V. Generally, the eMBB service utilises multiple TTIs to
improve spectral efficiency (SE). However, the strict latency
requirements mandate the prompt processing of incoming
URLLC traffic. To satisfy the strict demands for URLLC
traffic, the technique of puncturing eMBB slots is employed.
Dedicating certain resources to URLLC traffic through this
method guarantees timely and reliable delivery of critical
information. The URLLC service is designed with a short
TTI of 0.25 ms, in contrast to the longer 1 ms duration
allocated for eMBB service. Rapid URLLC transmission,
which involves pausing eMBB traffic, can considerably
affect the system’s capacity and reliability. As a result, the
efficiency of eMBB services might decline. Therefore, an
appropriate framework is essential to ensure QoS standards
are met. Our objective is to enhance the performance of
the RAN in three dimensions: time, frequency, and power.
The challenge involves allocating the total number of (M =
@o + @w1) RBs to its users across all N RUs managed by
the given k DU.
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A. THROUGHPUT ESTIMATION

The binary variable ¢:’nbl‘ (1) € {0, 1} represents the puncturing
decision. Here, ¢,’(r) = 1 when the u™ URLLC user
punctures the I mini-slot, and qﬁ:’n'; (t) = 0 otherwise. This
is valid for every u in the set U and n in the set A/ at time 7.
The achievable rate for an eMBB user w in RU n, using RB
m at time slot ¢, can be expressed as

L n,u
1 Py (D
r;:%(t) — V(l _ 2:11%) 10g2(1 + C,f;,[,(t)), (D

it $pi @) P
where the term =—=;"— represents the reduction in the
eMBB rate caused by puncturing, and ¢, (7) refers to the
signal-to-noise-and-interference-ratio (SINR) of the eMBB
user and it can be expressed as follows

Py (D85 (1)
ur,u

e,u eu ur,u s
Zn/e./\/}( pn’,m(t)gn’,m o+ Z'lle-/\/.k pn’,m(l)gl’l’,m(t) +o?
n#n ————— AN —————
eMBB interference URLLC interference

L@ =

(@)

where pj7, (1) and g;;7, (1) represent the transmitted power and
channel gain, respectively, for eMBB user u associated with
RU n on RB m. Additionally, o2 refers to the noise power.
We assume that each RU assigns an RB to a single user. We
introduce a binary decision variable ek (1) € {0, 1} for RB

u,m
allocation. Here, @’u’:’,;,(t) =1 if RB m from RU # in DU &
is allocated to the eMBB user u, and @’;:’;1(0 = 0 otherwise.

This is true for all n in the set A/ and k in the set K. Thus,
the overall throughput obtained by the eMBB user u can be
determined as

R =Y Ok e (0. 3)
meM

To ensure fast and reliable communication in URLLC
systems, it is essential to limit the size of data packets. This
is because Shannon’s capacity theorem, which applies when
large block lengths, does not directly address scenarios with
finite block lengths [34]. The throughput for URLLC with

a finite block length can be calculated as follows

L n,u

1 Py (D

() = Z Vm<21 1L yi )|:1og2(1+§rmu(t))
meM

ur,u
An,;n

Onm (1)

.Q—l(x)], 4)

where 0}";"(¢) denotes the number of symbols per mini-slot

n,
ur,u _— 1_ 1 : :
and Ay, =1 (3272 Tepresents the channel dispersion.

Here, g,’;jh”(t) signifies the SINR for the URLLC user, which
can be expressed as

Pl gl (1)
ur,u ur,u e,u e,u .
2o eNi P om D8 @ + 2N Py, (08,7, (0 +02
n'#n ———— n'#n ———
URLLC interference eMBB interference

Sl =

®)
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B. URLLC LATENCY ESTIMATION

The primary goal for URLLC users is to minimise their
end-to-end (e2e) latency from the CU to the end users. To
meet these rigorous requirements, URLLC xApp must ensure
that data is processed and transmitted without the delay
introduced by queueing. This means that as soon as data
arrive, it is immediately handled and sent to its destination
without any waiting time, which is essential for maintaining
the service’s reliability and responsiveness. Consequently,
the e2e latency experienced by URLLC users is primarily
determined by the time it takes for data to be processed
and transmitted through the network, excluding any delays
that might be caused by queuing. URLLC users’ packet
is handled at the CU layer before being routed to Virtual
Network Functions (VNFs) in the DU layer for simultaneous
processing. To manage the processing of these packets,
we employ an M/M/1 queue model, which operates on a
first-come, first-served basis. This means that packets are
processed in the order they arrive. Specifically, for URLLC
traffic, which follows the FTP3 model standardised by 3GPP
and involves packets of F bytes in size, the arrival of
packets is described by a Poisson process with a mean
arrival rate Y, (7), measured in packets per second. Packets
cannot be segmented and must be fully transmitted by each
allocated RB.

Let w. and wy represent the processing capacity of CU and
DU measured in cycles per second. For packets of the same
size F, the processing capacity required to process a single
packet is indicated as ¥ (in cycles). Thus, the task processing
rates at the CU and DU, &, and &g, can be defined as &, = %
and &; = %, respectively. Consequently, the average service

times for the CU and DU are given by é and é The
computational delay for the URLLC arrival packet at the
CU (A%,) and the DU (A5%) can be determined as A%, (f) =
m and kg;o(t) = 550 respectively. The expression
5(t) = Y ,cqqn Yu(t) refers to the cumulative arrival rate of
the URLLC packet in the CU. We presuppose that &, > §(7)
and &; > 6(¢) ensure the stability of the queue. Incoming

packets Y, (¢) for URLLC traffic are sent to the DU through
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the mid-haul link (MH), which has a maximum capacity
QMH (bits/sec). In particular, the average arrival data rate
at the DU is nearly the same as the average arrival data
rate at the initial layer. Therefore, the transmission delay for
the URLLC traffic, considering the constraints of the MH
capacity, can be expressed as

5().F
M) = oM

(6)

By employing the MC method, the URLLC traffic generated
per TTI is divided into multiple segments. These segments
are sent through different links and subsequently combined
at the user’s end. The maximum N; number of routes can
be utilised to deliver data from the DU £ to a user, allowing
flexibility. We define the vector for the traffic distribution for
the user u by 9,(1) = [00.4(0). 91.u(0), D2.4(0), - ... Inu (D],
where Zne N, Un.u(t) = 1. Here, ¥, , represents the portion
of traffic routed to user u through RU n. When sending data
packets to a particular user, these packets can be transmitted
using multiple RUs. The goal is to determine the effective
response time )\g”u for these packets to travel through the
DU to the user. To find this effective response time, we look
at the response times of the different front-haul (FH) links
connected to the DU. Each FH link has a certain maximum
data transmission capacity QfH . However, since we want
to ensure all packets are delivered efficiently, we base our
calculation on the slowest average response time among these
FH links, such as

Zueu,’;’k Unu@®YTu(OF

FH
Qn

)Ls;gm(t) = max[ }, VYone N, (7)

The delay from RU to a user is subsequently determined as

OOV (OF
A (D) = mfx{%},Vu e 8)

Thus, the e2e latency of URLLC user per TTI can be
determined as follows

1(¢]

A1) = 1800 + M@ + A5 4 (O + A5, (0

A0 (O 4 A (1), Yu € UL 9
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lll. PROBLEM FORMULATION

The main objective of this paper is to jointly optimize
traffic steering and energy-efficient resource utilization of
the eMBB and URLLC service in 6G O-RAN, subject to
different constraints. We define the EE ygE(t) of the system
by determining the proportion of the total data rate to the
overall power usage, specifically

Sens el ik + it

ZneNk Zuel;{ ZmEM pg,m(t) + Ni - Pru(®) + Plz)U ’
(10)

Vi) =

where Ny - Pry(f) represents the total power consumed by
N RUs, and Pj,; denotes the power consumption of the
n™ DU at each TTIL. Accordingly, we define an objective
function as follows

k
Jmax (vt (11a)
st.Cl: Y Opk@) <1,Vme M,ne N, ke K (11b)
ueldy
C2: Z o) <1, Vme M.neNe.ke K (11c)
ueld,,
C3: ) ¢nli(t) <L.Vme M,ne Ny (11d)
lel

Cd: A/ (0D, 0@1), P(1), (1) < 0", Yue U, (1le)

C5: Z rZiZ(t) > 7 (11f)
uelx{,‘qu
Ce: Z Z pf[,?n(t) < Puax, Y € N (1Tg)
ueZ/{,‘ka meM
C7: poi(t) = 0,Yu e U, m e M (11h)
C8: O (1) e {0, 1, Yuel \me M (11i)
C9: ¢py(1) € {0, 1}, Yu e U, m e M (11j)
clo: Y[k + o] < ff e N (11
u
D (O, (¢
Cll: rmi(t) > M\m eN,ueld (111

sm M
where ¥, ©, P, and ¢ refer to the traffic steering, eMBB
resource allocation, eMBB power allocation and URLLC
resource scheduling decision variables, respectively. Here,
C1 denotes the limit on allocating eMBB resources, ensuring
that each RB is allocated to only one user. Constraint C2
refers to the fact that only one URLLC user can puncture
a particular mini-slot within an RB. Constraint C3 spec-
ifies that the number of punctured mini-slots should not
exceed the overall number of available mini-slots. Constraint
C4 guarantees that the minimum latency requirement for the
URLLC user is met, with end-to-end latency limited by a
set threshold. Constraint C5 indicates the reliability of the
eMBB. Constraints C6 and C7 define the power allocation
limits for eMBB. Similarly, constraints C8 and C9 specify the
restrictions related to the allocation of resources. Constraint
C10 denote the FH capacity limitations between DU and RU.
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Lastly, constraint C11 guarantees that every RB allocated
to the URLLC user must transmit an entire data packet of
size F.

IV. PROPOSED INTELLIGENT FRAMEWORK

The objective function defines the optimization problem,
and the constraints C1 through Cl11 are characterized by
their combinatorial and binary nature. Constraints C8 and C9
involve binary decision variables, which typically contribute
to the problem’s complexity. Furthermore, constraints related
to resource allocation and power limits introduce additional
combinatorial challenges. This structure indicates that the
optimization problem in (11) is NP-hard. Therefore, due
to its NP-hard nature, we anticipate that exact solutions
may be impractical for large-scale instances of the problem.
Consequently, heuristic and DRL-assisted frameworks are
used to obtain feasible solutions within a reasonable
timeframe.

A. HEURISTIC APPROACH FOR OPTIMIZING THE #(T)
We employ xAppl on near-RT-RIC, which is based on a
heuristic method to estimate the traffic distribution decision
v (¢) for traffic stream separation. We propose a dynamic
approach for traffic split decision-making in Open RAN
that incorporates EE and adapts the dynamic window size
based on the Channel Quality Indicator (CQI). This method
provides a responsive and efficient approach to traffic split
decisions by adapting to varying network conditions. First,
we collect the CQI values for each user u and RU n over
the past J time slots:

CQl, [t —J +11,CQL, ,[t —J + 2], ..., CQL, ,[z]. (12)

Next, we compute the mean CQI of these CQI values as
follows

__ -
CQllr = 5 > CQl,lil.

i=t—J+1

13)

To determine the appropriate window size, we compute the
autocorrelation function (ACF) of the collected CQI values
over the past J time slots. The ACF helps us to understand
the temporal correlation of CQI values, which is critical for
dynamically adjusting the window size. High autocorrelation
values indicate stable channel conditions for certain periods,
suggesting that a larger window size may be beneficial. Low
autocorrelation values indicate rapidly changing conditions,
suggesting a need for a shorter window size to capture recent
variations accurately. The autocorrelation function ®(z) at
lag z for the CQI values is given by

Y125 (CQL, i — CQI) (CQL, i + 21 — CQI)
J—}
>4 (CQL, [l - CQI)
The dynamic window size I' is determined based on the
computed ACF. Specifically, we identify the delay at which

the ACF drops below a specified threshold R. This lag
represents the window size that captures the significant

D(z) =

(14)

VOLUME 5, 2024



IEEE Open Journal of the
€ Communications Society

temporal dependencies in the CQI values while ignoring the
less relevant distant dependencies.

I' =min{z : P(z) < NV} (15)

The calculated window size I is then ensured to be within
the predefined optimal range [I"min, I'max]:

I' = max(I'yjn, min(T'max, I')) (16)

where I'pin and M'pax are the minimum and maximum
window sizes. Using the dynamic window size I', we
compute the EE for RU n and user u for each traffic type x
at time ¢ over a window size I' as

t .
EEX [f] = D ir—r41 Ry il
m,u t [ .
Zi:t—r+1 Pl

To smooth the energy efficiency values, we apply a weighted
moving average:

A7)

m _ Z;:t—[‘+l ,LL,EE;’M[I] ’

Z?:t—r‘+l Mi
where p; is the weight for time frame i. For exponential
weights, p; = o', where i is a decay factor.

Finally, the traffic distribution ratio 19;1‘#[[] is determined
by normalising the weighted moving average of EE as
follows

(18)

EE; [1]
. EE; I

This method ensures that the traffic distribution ratio is
optimized both for performance and energy efficiency,
leading to a more balanced and effective network operation.

B[] = 19)

B. DRL-BASED RESOURCE SCHEDULING

The objective of the DRL-based framework is to optimize
the assignment of RBs to users in a way that maximizes the
overall EE of the network while adhering to the limitations.
This involves framing the problem as a Markov decision
process (MDP) that includes Ny agents, each with its own
state and actions but sharing a common goal. In a multi-
agent framework, every agent functions within its distinct
state and action domains. The state domain includes the
particular segment of environmental observations available
to each agent, while the action domain consists of the unique
set of actions that each agent can perform. The separation
of state and action spaces facilitates a more organized and
efficient approach for agents to perform their tasks and
cooperate. As a result, they can effectively work together
towards achieving a unified objective.

1) STATE SPACE

We define the state of the i-th DRL agent in DU k as
si k. The complete set of states for all Ny DRL agents in
DU k is then given by Sk = {S1,k, S2.ks - -+ Snks - - - » SN ks
where S represents the set of states of all DRL agents
in DU k. The state space of each agent consists of
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the channel conditions of the eMBB and URLLC users,
incoming traffic information, and estimated traffic flow-split
distribution at time slot . It can be represented as s, i (f) =

(851 (1). 87 (D), Tk (D), D k(1) US4 U,

2) ACTION

The set of actions for all Ny agents in DU k is Ay =
{a1k, a2k, - .., an, k}. Each DRL agent takes actions regard-
ing the eMBB RBs allocation ®(r), eMBB power allocation
P(t), and URLLC scheduling ¢ (7).

3) REWARD

To achieve efficient energy utilization of resources in 6G
O-RAN systems, we define the global reward function R(7)
for each agent at time ¢ as follows:

R(t) = yfe® —vr - Y max(0, A4 (1) — ")

ur
ueld),

PRCYE

e
uelﬁuk

—vy -max| 0,7 — 20)

where the weights v; and v, allow for fine-tuning the
emphasis on URLLC latency and eMBB reliability relative to
optimizing energy efficiency. Through iterative simulations,
we gradually adjusted v; and v, to achieve an optimal
balance. The first penalty term accounts for the URLLC
latency, penalising the reward if the latency exceeds the
threshold n"". The second penalty term penalises the reward
if the eMBB data rate falls below the required threshold 7,
ensuring reliability for eMBB users.

C. PPO-BASED APPROACH

A fundamental aspect of DRL is the development of an
optimal policy that effectively maps the state of the network
to actions. Given that the action space includes both discrete
and continuous values, the conventional Deep Q-Networks
(DQN) method cannot be directly used for decision making,
as it yields discrete outputs. However, this discretisation
not only expands the action space’s dimensionality but
also introduces quantisation errors [35]. Proximal Policy
Optimization (PPO) offers a robust framework to address
the complex problem of RB allocation. PPO is a policy
gradient method designed to optimize the policy in RL
scenarios, particularly when dealing with large, continuous
action spaces. The PPO algorithm balances exploration and
exploitation, employing a clipped objective function, which
ensures that policy updates are not too drastic, thus enhancing
stability and convergence. In PPO, the policy mg(als) is
parameterised by 6, and the objective is to find the optimal
policy parameters 6 that maximize the expected cumulative
reward. The core of the PPO algorithm involves optimizing
the surrogate objective function, which is defined as follows:

TPPO(9) = F, [min(rt(e);\,, clip(r,(6), 1 — e, 1 4 e)At>],
(21)
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were r4(0) is the probability ratio, given by:
7o (aylst)

Thy1q (allsl) '
where mg,, represents the policy parameters from the
previous iteration. The advantage function A, estimates the
relative advantage of taking action ay at state s;. The clipping
mechanism, controlled by the hyperparameter €, prevents
large policy updates, ensuring that the new policy does not
deviate significantly from the old policy. This clipping helps
maintain stable training and prevents large, destructive policy
updates that could degrade performance. The advantage
estimates A, can be calculated using Generalized Advantage
Estimation (GAE), which allows more stable and efficient
updates. GAE combines the benefits of bootstrapping from
the value function and Monte Carlo methods, offering
a trade-off between bias and variance in the advantage
estimates. The temporal difference error B; is computed as:

Br =11+ xVw(sir1) — Vu(s) (23)

where Vi (s;) is the estimated value function. The GAE can
then be defined as:

Ar=Y "XV By

i=0

() = (22)

(24)

where x € {0, 1} refers to the discount factor and 7 is the
GAE parameter that determines the trade-off between bias
and variance. The policy parameters 6 are then updated by
maximizing the clipped surrogate objective function 1779 ().
The update employs stochastic gradient ascent method, and
the gradient is calculated with respect to the parameter 6 as
follows

0’ =60+ arIP00) (25)

where « is the learning rate. The policy is updated over
multiple iterations, allowing it to learn from the experience
collected and refine its actions over time. The value function
Vi (sy) is used to estimate the expected return from the state,
and it is updated to minimise the mean squared error loss
as follows

W) = B[ (Vo (50 = Ry, 26)

where R; is the actual return at time ¢. In our specific
problem, the PPO algorithm’s reward function R(f) is
designed to capture the trade-off between energy efficiency,
eMBB reliability, and URLLC latency. Using PPO, we
ensure that policy updates are both efficient and stable,
which is crucial given the channel environment’s dynamic
and complex nature. The algorithm’s ability to handle large
action spaces and continuous adjustments aligns well with
resource allocation and scheduling requirements. Moreover,
the clipping mechanism in PPO effectively addresses the
challenge of maintaining a balance between exploration and
exploitation, which is critical in a multi-agent setup with
shared goals and constraints.
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Algorithm 1 PPO for Resource Allocation
1: Initialize policy parameters 6, value function parameters
\
2: Set hyperparameters ¢, x, and 7
3: for each episode do
4:  Initialize the environment and state sq
5
6
7

for t=0to T do
Sample action a; from the policy g (a¢|s;)
Execute action a;, observe reward r; and next state

St+1
8: Store transition (sy, a, 7y, S+1)
9: end for
10: end for

11: for each time step ¢ do
12:  Compute the temporal difference error according to

(23)
13:  Compute advantages using (24)
14: end for

15: for each update iteration do

16:  Compute the surrogate objective using (21)

17:  Update the policy parameters according to (25)

18: end for

19: Update value function parameters using (26)

20: Repeat steps 1-5 for a fixed number of episodes or until
convergence.

V. ADAPTIVE SCHEDULING VIA META-LEARNING
FRAMEWORK

In the previous section, we introduced a DRL-based
method to tackle the issues of eMBB RB allocation,
power distribution, and URLLC scheduling in a static
environment. The PPO-based framework assumes that the
environment remains consistent during training and test-
ing. However, this assumption does not hold true in a
real-time wireless communications environment. Current
research falls short in terms of generalization to varied
wireless channel conditions because differences can occur
if the testing environment’s conditions differ from those of
the training environment. We propose an adaptive meta-
learning (AML) approach that enhances generalization to
previously unseen scenarios to address this issue. The
actor update in this framework relies on two foundational
concepts: on-policy meta-learning for RB allocation at the
near-RT-RIC and off-policy meta-learning for the non-RT-
RIC. By integrating PPO with on-policy meta-learning at
the near-RT-RIC and off-policy meta-learning at the non-
RT-RIC, we can achieve a comprehensive and adaptive
resource allocation framework for 6G O-RAN. Near-RT-
RIC focuses on rapid adaptation and real-time optimization,
while non-RT-RIC handles strategic, long-term optimization
tasks. This combined approach ensures that the system
can respond to immediate changes in network conditions
while maintaining a robust and optimized policy over
time.
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A. NEAR-RT-RIC WITH ON-POLICY META-LEARNING

The near-RT-RIC operates within a tight latency budget,
typically on the order of milliseconds to seconds. The near-
RT-RIC makes rapid and adaptive decisions to optimize
resource allocation dynamically. On-policy meta-learning
is particularly suited for this environment because it can
quickly adapt to new tasks with limited data by leveraging
experiences gathered from similar tasks. We employ the
Model-Agnostic Meta-Learning (MAML) approach for On-
policy meta-learning, which enhances the adaptability of
PPO by enabling rapid adaptation to new and unseen tasks
with minimal data [36].

To effectively implement on-policy meta-learning in the
near-RT-RIC, defining a distribution of tasks the system is
expected to encounter is crucial. Each task corresponds to
a unique set of network conditions, such as varying user
demands, channel quality, and resource availability. The goal
is to enable the near-RT-RIC to generalize well across these
tasks, allowing efficient and effective resource allocation.
The initialization of the policy parameters is a critical step in
the meta-learning process. The near-RT-RIC seeks to find an
optimal set of policy parameters 6 that can quickly adapt to
new tasks. The meta-learning process begins with initializing
these parameters, which can be achieved by training on a
diverse set of tasks. The objective during this training phase
is to minimize the cumulative loss across all tasks, expressed
as:

c
Inea (@) =Y Juask: (0), 27)
i=1
where Jyu; (0) represents the loss function for task i and C
is the number of tasks.

1) META-TRAINING PHASE

During the meta-training phase, the near-RT-RIC collects
data from multiple tasks. For each task i, the near-RT-RIC
optimises the PPO objective function defined in (21). For
each task, the near-RT-RIC updates the policy parameters
using the gradients obtained from the PPO objective. The
update rule for task i can be expressed as:

0] =6 —agdop(0), (28)

where « is the learning rate, this update allows the policy
parameters to adapt to the specific characteristics of task i.

2) META-UPDATE

After performing task-specific updates, the next step is
aggregating the gradients from multiple tasks to update the
meta-policy parameters. The meta-update is performed to
refine the initialisation of the policy parameters, enabling
the near-RT-RIC to generalise better across different tasks.
This can be mathematically represented as:

C
0=60—-a AgTopy(6)). (29)

i=1

VOLUME 5, 2024

where @ is the meta-learning rate. This aggregation of
gradients ensures that the updated policy parameters reflect
information from all tasks, thus enhancing the adaptability
of the near-RT-RIC.

3) ADAPTATION PHASE

Once the meta-training is complete, the near-RT-RIC enters
the adaptation phase, where it must quickly fine-tune the
policy parameters using new data from the current task.
The objective during this phase is to maximise the expected
cumulative reward, which can be represented as

T
R=7 'R0,

=0

(30)

where R(r) is the reward received at time ¢ and g is the
discount factor that values immediate rewards higher than
future rewards. During adaptation, the near-RT-RIC utilises
the learned policy initialisation 6 and further updates the
parameters based on the new experiences from the current
task. The PPO updates during this phase follow the same
structure as the meta-training phase but with the current
task’s data:

0" =60 —aAglppo(9) (€2))

This rapid adaptation ensures that the near-RT-RIC can
effectively respond to changing network conditions in real-
time.

B. NON-RT-RIC WITH OFF-POLICY META-LEARNING

The non-RT-RIC operates on a longer timescale, typically
in seconds to minutes, and is responsible for more strategic
and less latency-sensitive tasks, such as long-term network
optimisation and policy updates. Off-policy meta-learning
is well-suited for this environment because it can leverage
large datasets collected over extended periods, allowing for
more comprehensive learning and adaptation. Experience
replay is a fundamental technique used in off-policy learning
that involves storing past experiences in a replay buffer.
This buffer accumulates state-action-reward-next state tuples
(s,a,r,s) from interactions with the environment over
time. The replay buffer D maintains a large collection
of these experiences, enabling the non-RT-RIC to sample
batches of past experiences and update the policy. The
experiences are sampled according to their relevance and
recency, ensuring that the learning process remains efficient
and stable. The buffer helps mitigate issues like correlation
between consecutive experiences and ensures a more stable
learning process by breaking the temporal correlation.

1) TASK SAMPLING AND META-TRAINING PHASE

In off-policy meta-learning, the non-RT-RIC aims to learn a
policy that can efficiently adapt to various tasks or network
conditions. The meta-learning process begins with the non-
RT-RIC collecting diverse tasks and experiences over time.
For each sampled task i, the PPO algorithm optimises the
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policy by updating the policy parameters 6. The policy
parameters 6 are updated using the gradient of the PPO
objective function with respect to 6 as follows

0] < 0 —afgIopo(6). (32)

This process involves optimising the policy based on the
experiences collected from the current task, which helps
adapt the policy to the task’s specific requirements.

2) META-UPDATE

After updating the policy parameters for each task, the non-
RT-RIC performs a meta-update to improve the policy’s
generalisation across multiple tasks. This step aggregates the
policy gradients obtained from different tasks to refine the
global policy. The meta-update can be represented as

0 «—0—a) Noppol(t)): (33)
i

This aggregation helps combine the knowledge gained from

various tasks, leading to a more robust policy adaptable to

different network conditions.

3) OFF-POLICY UPDATES

Incorporating off-policy updates involves using experiences
stored in the replay buffer to update the policy. The non-
RT-RIC samples a batch of experiences from the buffer and
performs updates based on this off-policy data. This approach
allows the non-RT-RIC to use a larger dataset, improving the
sample efficiency of the learning process. The policy update
using off-policy data can be expressed as

1
0 «—0—nlhg| —

B3] Y (r+eVe(s) = Ve(9)Aglogma(als) |,

(s.a.r,s")
eB
(34)

where B is a batch of experiences sampled from the replay
buffer, n is the learning rate, and Vi (s) is the value function
approximator. This update uses off-policy data to adjust
policy parameters 6 and improve policy performance across
different tasks.

C. COMPLEXITY ANALYSIS

The proposed framework of on-policy meta-learning at the
near-RT-RIC and off-policy meta-learning at the non-RT-
RIC involves a combination of computationally intensive
processes, resulting in a nuanced complexity profile. The
on-policy meta-learning aspect at the near-RT-RIC entails
frequent updates due to the real-time nature of the environ-
ment, with the complexity dominated by the PPO updates,
which are O(C-T - A - Q), where C is the number of tasks,
T is the number of time steps per task, A is the action
space dimension, and Q is the number of policy network
parameters. The adaptation phase, where rapid fine-tuning
occurs, contributes an additional O(Y - P) per adaptation
step, with Y representing the number of meta-updates and
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TABLE 1. Simulation configurations.

Properties Urban Rural Indoor

RU Antenna model 15 dB Cosine, 15 dB Cosine, 15 dB Cosine,
65° HPBW 65° HPBW 40° HPBW

Pathloss model 3GPP UMa 3GPP RMa 3GPP InH

Macro RU Transmit power 40 dBm

Small RU Transmit power 26 dBm

BW of Macro RU 20 MHz

BW of small RU 100 MHz

Noise figure RU: 9 dB, UE: 5 dB

URLLC packet length 32 bytes

Frame duration 10 ms

No. of OFDM symbols/TTI 14

No. of minislots/TTI 7

OFDM symbols/mini-slot 2

Subcarrier spacing 15 KHz

P the parameters in the policy. In the non-RT-RIC, off-
policy meta-learning leverages experience replay buffers,
where the complexity is primarily influenced by the size
of the buffer and the number of off-policy updates, leading
to OB - 0), with B as the buffer size and O as the
number of off-policy updates. Aggregating gradients across
multiple tasks introduces additional computational load,
approximated by O(C - G), where G is the complexity of
gradient calculation for each task. Consequently, the overall
complexity of the combined framework is a function of these
intertwined processes, reflecting the trade-off between real-
time adaptability and long-term optimisation efficiency.

VI. SIMULATION RESULTS

In our simulation, we implemented the PPO algorithm with
both on-policy and off-policy meta-learning strategies. We
used a network model consisting of a DU that forms a set of
one macro-RU with three sectors, each comprising one small
RU. The coverage area of small RUs is 100 m. All users are
evenly and randomly distributed within a region of interest
with a radius of 500 meters. The traffic arrival process
is modeled using the Poisson process distribution for both
URLLC and eMBB. The policy network consisted of three
fully connected layers. Each of these layers used the ReLU
(Rectified Linear Unit) activation function, which is defined
as ReLU(x) = max(0,x) . Similarly, the value network
consists of three fully connected layers and has the same
structure as the policy network. The training process involved
optimizing the PPO objective using the Adam optimizer, with
a learning rate of 3 x 10™*. The PPO clipping parameter €
was set to 0.2 to ensure stable policy updates. Furthermore,
the discount factor x was set at 0.99, balancing immediate
and future rewards. In contrast, the GAE parameter was
set to 0.95 to manage the bias and variance trade-off in
the advantage estimates. Table 1 provides the simulation
parameters. We set up the simulation set-up according to
the 3GPP TR 38.901 guidelines [37]. We trained our DRL
model using the Urban Macro path loss model based on the
3GPP TR 38.901 standard and considered this as a baseline,
which provides guidelines for channel models for 5G NR.
The specific parameters used for this model are derived from
the urban environment to reflect dense urban deployments
with high user density.

VOLUME 5, 2024



‘IEEES IEEE Open Journal of the
Com3oc  communications Society

Algorithm 2 Adaptive Scheduling Using Meta-Learning
1: Initialize meta-policy parameters 6 and value function
parameters ¢, meta-learning rates « (inner loop) and &
(outer loop).

2: Initialize replay buffer B for off-policy learning

3: for each meta-iteration do

4:  Sample batch of tasks {7;} from task distribution p(T)

5. for each task T; do

6: if on-policy meta-learning then

7: Collect trajectories {t;} using policy mg on T;

8: else

9: Sample trajectories {z;} from replay buffer B

10: end if

11: Compute rewards-to-go R; and advantages A, using
GAE

12: Perform policy update using Algorithm 1 (PPO)

13: Store collected trajectories in replay buffer B (if
off-policy)

14:  end for
15:  Perform meta-update using (33)
16: end for

e Urban (UMa) environment: This environment
characterizes the typical propagation conditions of dense
urban areas. This accounts for factors such as high
building density and line-of-sight (LOS) propagation.

o Rural (RMa) environment: This model represents sce-
narios with moderate building density and incorporates
both LoS and NLoS conditions.

o Indoor (InH) environment: This model simulates prop-
agation characteristics within indoor environments,
where walls and furniture significantly affect signal
strength, leading to predominantly NLoS conditions.

A. RURAL ENVIRONMENT

Initially, we analyzed the results in the rural environment
for the proposed schemes, where we train the model in
the baseline environment (i.e., urban environment) and test
it in the rural environment. Agent performance is known
to improve with increasing experience in varying channel
conditions. However, accumulating this experience takes a
significant amount of time. Therefore, we have introduced
the AML approach (Algorithm 2) to optimize learning in
fewer steps, with the AML model being trained and tested
in varying channel environments. The results illustrated in
Fig. 3 indicate that the PPO approach (similar scenario)
serves as a performance upper bound, as the model experi-
ences consistent channel conditions during both training and
testing. The uniformity in the path loss characteristics allows
the agent to develop a highly specialized policy, optimizing
resource allocation and power management efficiently. The
AML on-policy approach, which adapts the policy in near
real-time at near RT-RIC, shows excellent performance. It
updates the policy based on the most recent experiences,
ensuring that the agent is always adapting to the current
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FIGURE 3. Convergence performance.

state of the environment. This leads to more relevant and
contextually appropriate updates, allowing the agent to adapt
rapidly to changing network conditions and traffic patterns,
leading to more effective resource allocation decisions
in real time. In contrast, it can be observed that Off-
policy performed reasonably well, but it was generally
outperformed by the on-policy approach. The use of a
replay buffer allowed the off-policy agent to learn from a
broader range of experiences; however, it lacked the same
level of adaptation to real-time conditions. Consequently, the
inability to quickly adapt to changing conditions can lead
to suboptimal scheduling and power management decisions.
When we evaluated the PPO (different environment), the
performance decreased significantly because the policies
learned in the urban setting may not generalize well to
the rural scenario, resulting in inefficient resource allocation
and increased latency for URLLC users. This highlights the
importance of timely and relevant feedback in reinforcement
learning for URLLC resource scheduling.

In Fig. 4, the EE performance of the system is presented
under varying URLLC traffic when the agent knows the flow
split estimation ¢. As URLLC packet arrival rates increase,
there is a noticeable decrease in energy efficiency across
all approaches, reflecting the higher demand for resources
to meet the stringent latency and reliability requirements of
URLLC traffic. On-Policy maintains the highest EE due to
its ability to adapt quickly to real-time traffic conditions,
optimizing resource allocation effectively. Off-policy exhibits
lower EE as it relies on outdated experiences from a
replay buffer. PPO (similar scenario) provides a strong
benchmark, but shows a decrease in efficiency as packet
rates increase. PPO (different environment) experiences the
most significant decline in EE, highlighting the challenges
of policy generalization across different environments. This
illustrates the effectiveness of policy methods in managing
resource allocation efficiently under varying traffic demands.
In Fig. 5, we show the performance of the URLLC latency
where the on-policy maintains an average latency between 5
and 15 ms, performing slightly better than oft-policy, which
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FIGURE 4. Impact of incoming URLLC traffic on EE of the system in rural pathloss
model.
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FIGURE 5. Average URLLC latency in rural environment.

ranges from 6 to 15 ms, due to its real-time adaptability.
In general, the results highlight the critical importance of
training in a consistent environment and the benefits of policy
approaches in dynamic settings. Next, we present the EE
performance in Fig. 6 where the ¢+ is unknown. It can be
seen that the performance of the system in terms of EE
suffers when we do not optimize the traffic split distribution
compared to Fig. 4. It can be due to suboptimal resource
allocation, as the system lacks precise information on how
traffic is distributed across users. This uncertainty can lead
to inefficient power consumption and improper scheduling,
resulting in higher energy consumption and reduced data
rates, ultimately compromising EE.

B. INDOOR ENVIRONMENT

In the previous subsection, we explored the performance
of the system in the rural scenario. Now, we analyze the
efficiency of the proposed approach in a new unseen channel
environment (indoor). In Fig. 7, the EE performance in an
indoor environment shows a notable degradation compared
to the rural scenario. This performance drop is attributed to
the distinct characteristics of indoor environments, such as
severe multipath fading and shadowing effects, which differ
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loss model.
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FIGURE 8. Average URLLC latency in indoor environment.

significantly from the urban model used during training.
Despite this, the AML on-policy approach continues to
provide good generalization ability, maintaining better EE
by dynamically adjusting to challenging indoor conditions.

In Fig. 8, when testing in an indoor path loss model,
the average latency further degrades compared to the rural
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scenario, reflecting the challenging indoor propagation con-
ditions. Specifically, the latency increases more sharply with
increasing URLLC packet arrival rates as the indoor envi-
ronment introduces more severe multipath fading and signal
attenuation. The AML on-policy approach still performs
better than the off-policy and PPO (different environments),
maintaining a lower latency under these complex conditions.

VIl. CONCLUSION

This paper presents a comprehensive study on optimizing
resource allocation for eMBB and URLLC services in 6G
O-RAN using DRL with both on-policy and off-policy
meta-learning approaches. The results show that PPO, when
trained and tested in the same environment, consistently
achieves superior performance, particularly in minimizing
latency for URLLC services, improving latency by 34.6%
compared to when PPO is applied in different path loss
scenarios such as rural or indoor environments. The AML
on-policy further demonstrates its adaptability, improving
latency by 30.7% compared to PPO in a different envi-
ronment. This highlights the importance of environmental
consistency during training. On-policy meta-learning is more
adaptable and resilient across different scenarios, improving
latency by 14.3% over off-policy methods, showcasing
its potential in real-time adaptive resource management.
This study provides crucial information on the importance
of accurately estimating the traffic split flow between
the eMBB and URLLC services. When this variable is
unknown or inaccurately estimated, EE suffers due to
suboptimal resource allocation, underscoring the need for
precise traffic management in dynamic and heterogeneous
network environments. In our future work, we aim to focus
on improving the adaptability of learning algorithms to
varying environmental conditions and improving traffic split
flow estimation techniques to further optimize the balance
between latency, reliability, and energy efficiency in 6G
networks. By addressing these challenges, we aim to advance
the state of resource allocation strategies, paving the way
for more resilient and efficient 6G O-RAN systems that
can effectively support a diverse range of applications and
services.
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