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MAREA: A Delay-Aware Multi-time-Scale Radio
Resource Orchestrator for 6G O-RAN

Oscar Adamuz-Hinojosa, Lanfranco Zanzi, Vincenzo Sciancalepore, Xavier Costa-Pérez

Abstract—The Open Radio Access Network (O-RAN)-
compliant solutions often lack crucial details for implementing
effective control loops at various time scales. To overcome this, we
introduce MAREA, an O-RAN-compliant mathematical frame-
work designed for the allocation of radio resources to multiple
ultra-Reliable Low Latency Communication (uRLLC) services.
In the near-real-time (RT) control loop, MAREA employs a novel
Martingales-based model to determine the guaranteed radio
resources for each uRLLC service. Unlike traditional queueing
theory approaches, this model ensures that the probability of
packet transmission delays exceeding a predefined threshold—
the violation probability—remains below a target tolerance.

Additionally, MAREA uses a real-time control loop to monitor
transmission queues and dynamically adjust guaranteed radio
resources in response to traffic anomalies. To the best of our
knowledge, MAREA is the first O-RAN-compliant solution that
leverages Martingales for both near-RT and RT control loops.
Simulations demonstrate that MAREA significantly outperforms
reference solutions, achieving an average violation probability
that is ×10 lower.

Index Terms—Multi-scale-time, O-RAN, Real-Time RIC, Mar-
tingales, uRLLC.

I. INTRODUCTION

In Sixth Generation (6G) networks, a critical challenge is
managing the coexistence of multiple ultra-Reliable Low La-
tency Communication (uRLLC) services, which impose strin-
gent latency and reliability requirements to ensure seamless
and efficient operations [1]. One of the primary advancements
driving the evolution of 6G is the virtualization of the Radio
Access Network (RAN) [2], achieved through the deployment
of virtualized RAN (vRAN) instances. These instances consist
of fully configurable virtualized Base Stations (vBSs), tailored
to the specific demands of diverse communication services.

Background. To address the increasing complexity of these
networks, the Open Radio Access Network (O-RAN) Al-
liance has introduced an innovative, flexible architecture [3]
that integrates the 3rd Generation Partnership Project (3GPP)
functional split. This architecture distributes the vBS across
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multiple network nodes, including the Centralized Unit (CU)-
Control Plane (CP), CU-User Plane (UP), Distributed Unit
(DU) and Radio Unit (RU). Additionally, O-RAN enhances
network agility and autonomy through its unique inclusion of
two RAN Intelligent Controllers (RICs): the non-Real Time
(RT) RIC, which handles long-term network optimizations
like policy computation and Machine Learning (ML) model
management via third-party applications (rApps), and the near-
RT RIC, which focuses on near-real-time RAN optimization
and control (from 10 ms to 1 second) through xApps.

O-RAN also introduces three critical interfaces: the A1
interface, enabling non-RT RIC to manage policies and ML
models for long-term optimization; the O1 interface, which
allows the Service Management and Orchestration (SMO)
framework to oversee Fault, Configuration, Accounting, Per-
formance and Security (FCAPS) tasks for the vBS and near-
RT-RIC; and the E2 interface, designed for near-RT-RIC to
gather performance metrics from vBS components and make
rapid adjustments to resource allocation and service quality.
For more details on O-RAN, refer to [4].

However, despite these advances, several challenges persist
in fully realizing the potential of O-RAN, particularly in
the context of uRLLC services. The inherent architectural
design of O-RAN imposes limitations on making ultra-low
latency decisions, such as packet scheduling for uRLLC,
which demands sub-millisecond response times [5]. Moreover,
limited access to fine-grained, low-level information via the
E2 interface (e.g., transmission queue states, real-time channel
quality) and the communication latencies involved in gathering
this information further compound the difficulty of achieving
real-time optimization within the required timescales [6].

Motivation. This calls for an innovative RT control loop
to monitor and orchestrate Medium Access Control (MAC)
schedulers, especially in scenarios where multiple vBSs are de-
ployed. In such cases, each vBS may operate with a dedicated
DU featuring customized network functionalities. Building
on the ongoing study of RT control loop mechanisms [6],
this paper establishes a foundation for future research into
a comprehensive RT orchestration framework.

One of the key challenges in O-RAN-compliant networks
is ensuring that each uRLLC service meets its stringent delay
requirement throughout its lifecycle. This can be seen as an
optimization problem, where the objective is to minimize for
each service the probability the packet transmission delay
w exceeds a given bound W , i.e., min {P[w > W ]}, while
ensuring that it remains below a predefined threshold ε, i.e.,
P[w > W ] ≤ ε. To achieve this, it is necessary to determine
the optimal allocation of radio resources for each uRLLC



2

service at the near-RT scale. Additionally, the RT control
loop must dynamically adjust the radio resource allocation
computed in near-RT scale to prevent violations of these
delay constraints due to unexpected traffic variations. There-
fore, the effective coordination of near-RT and RT control
loops is essential for optimizing radio resource allocation and
maintaining the required performance for coexisting uRLLC
services [4].

To ensure a packet’s transmission delay w stays within a
bound W with a violation probability ε, i.e., P[w > W ] < ε
it is crucial to estimate P[w > W ] accurately. Stochas-
tic Network Calculus (SNC) is a powerful tool that allows
to calculate this probability under various traffic and cell
capacity conditions. Previous work [7]–[9] applied SNC to
estimate delay bounds for specific radio resource allocations
in individual uRLLC services. In [10], we extended SNC for
multi-service resource planning, though this approach, which
dedicated Resource Blocks (RBs) per service, risked ineffi-
cient resource overprovisioning. Our latest work introduced
an O-RAN-compliant framework [11] that builds on SNC,
optimizing radio resource allocation across multiple uRLLC
services using historical traffic and capacity data. Unlike
earlier methods, we integrate O-RAN control loops, including
a near-RT SNC-based controller that dynamically determines
guaranteed RBs for each service to maintain violation prob-
abilities within target limits. Additionally, we propose a RT
control loop that adjusts RBs in response to transmission queue
data, addressing traffic anomalies and further reducing delay
violation probabilities while improving resource efficiency. For
further details, we refer the reader to Section VII.

Contributions. While SNC-based models provide clear
advantages in terms of latency guarantee, their conservative
delay bound estimations may limit the number of deployable
services [12]. To address this point, in this work, we explore
the Martingales queueing methodology, which has shown
notable improvements in delay bound estimation [13], [14].
Specifically, we propose a framework that builds upon our pre-
vious research [11], where we used an SNC-based approach,
and extend it by incorporating a model based on Martingales
Theory. Several research works, such as [15]–[18], have pro-
posed radio resource allocation solutions using Martingales-
Theory-based models for estimating delay bounds. However,
many of these solutions depend on well-known statistical
distributions, e.g., Poisson, Bernoulli, Markov on-off, which
hardly match real traffic patterns that may be the realization
of arbitrary distributions. Conversely, this work sheds the light
on adapting a Martingales-Theory-based model to arbitrary
traffic conditions. Specifically, we focus on the downlink (DL)
operation of a single cell supporting multiple uRLLC services,
each with specific packet delay budget and violation prob-
ability requirements. Nevertheless, our solution is adaptable
to broader scenarios involving Uplink (UL) transmissions and
multiple cells. The main contributions can be summarized as
follows:

(C1) Building on the framework and findings of [11], we
introduce MAREA as a complementary approach to
support near-RT and RT control loops that can adapt
to arbitrary traffic and channel statistical distributions.

MAREA incorporates a novel Martingales-based con-
troller, replacing the original SNC-based controller in the
near-RT control loop. This enhancement improves the
allocation of guaranteed RBs for each uRLLC service
while maintaining the probability of delay violation below
a given target.

(C2) We provide a detailed description of the functional and
building blocks that constitute the MAREA framework,
focusing on its integration with the O-RAN architecture
and operations in both near-RT and RT control loops.
We also provide valuable insights related to MAREA’s
capabilities and interaction with the O-RAN ecosystem.

(C3) We provide a comprehensive evaluation of MAREA by
means of an exhaustive simulation campaign involving
realistic 5G-New Radio (NR) scenarios, comparing the
Martingales-based approach against the previous pro-
posed SNC-based model. Our results show that MAREA
effectively achieves more accurate delay-bound estima-
tions, which translates into the possibility to safely sup-
port a larger number of uRLLC services for the given cell
configuration. Our evaluation also demonstrates improved
execution times, making MAREA better suited for real-
world applications.

The remainder of this paper is organized as follows. Sec-
tion II defines MAREA. Section III introduces the proposed
Martingales-based model. In Section IV, we describe how
MAREA executes the multi-time-scale control loops. Sec-
tion V evaluates MAREA’s performance. Section VI discuss
key challenges for implementing MAREA in commercial
O-RAN deployments. Section VII discusses related works.
Finally, Section VIII concludes the paper.

II. THE MAREA FRAMEWORK

In this paper, we consider a set M of vBSs belonging to
the same Mobile Network Operator (MNO) and deployed over
the same cell. Each vBS is tailored to meet the performance
requirements of a specific uRLLC service. The implementation
of these vBSs is illustrated in Fig. 1, featuring both dedicated
and shared components. Specifically, the CU-CP and the RU
are shared among all vBSs [19], whereas the CU-UP and the
DU are dedicated to each vBS [20].

The possibility of sharing CU-CP in O-RAN is crucial
as to enable the centralized execution of Radio Resource
Management (RRM) and Radio Resource Control (RRC) tasks
across uRLLC services, preventing conflicting decisions and
enhancing overall performances and scalability. Focusing on
the RB allocation, we consider two hierarchical allocation
levels. At the higher level, RBs are distributed centrally among
different vBS-DUs, ensuring coordinated resource assignment
across services. At the lower level, each vBS-DU assigns its
allocated RBs to its attached User Equipments (UEs) at MAC
level. Given the necessity of RT orchestration decisions for
the high-level allocation, this process must occur close to the
vBS-DUs. Specifically, we assume the high-level allocation
is executed within the CU-CP, which ensures that RBs are
assigned in a coordinated manner to all running services, im-
proving individual service performance and preventing adverse
impacts.
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Fig. 1. Integration of MAREA (i.e., green blocks) in the O-RAN architecture.
For simplicity, only the northbound and southbound interfaces of the RT
Controller dApp are shown. Other dApps would have similar interfaces.

Under this scenario, we address the dynamic RB allocation
problem among multiple uRLLC services, each with specific
performance requirements regarding packet delay budget and
violation probability. We focus on the operation of both the
near-RT control loop and a new RT control loop. To achieve
this, we develop a novel framework, namely MAREA, which
leverages the O-RAN architecture [21], [22] and operates at
different time scales, as illustrated in Fig. 1. Next, we explain
how MAREA operates at near-RT and RT scales, followed by
details of the MAREA’s components.

Fig. 2 showcases near-RT and RT control loops. At the near-
RT scale, MAREA runs periodically every TOUT Transmission
Time Intervals (TTIs)(see point A). During each execution
period, MAREA computes the amount of guaranteed RBs for
each uRLLC service related to the following execution period
(see point B). This calculation requires performance metrics
from the previous TOBS TTIs (see point C). At RT scale,
within a specific TTI, some services may not fully utilize
their guaranteed RBs, while others may require additional RBs
beyond what is guaranteed. To optimize the use of available
RBs in the cell, MAREA implements a RT control loop to
redistribute previously assigned RBs to services that need them
(see point D). Furthermore, if traffic anomalies are detected,
the RT control loop may temporarily adjust the amount of
guaranteed RBs to meet service requirements (see point E).

To perform near-RT and RT control loops, MAREA com-
prises four xApps and one dApp1 as shown in Fig. 1. The Cell
Capacity Estimator, Traffic Estimator, RB utilization Estimator
and Delay-Aware RB Allocation Controller xApps are located
in the near-RT RIC and are responsible for computing the

1The concept of dApps, introduced in [6], is similar to rApps and xApps,
and enables fine-grained real-time control tasks. These dApps can be deployed
within the CU-CP, CU-UP, and/or DU.
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Fig. 2. Illustrative example of how MAREA performs dynamic RB allocation
at near-RT and RT scales.

guaranteed RBs for multiple uRLLC services in a near-RT
scale. The RT Controller dApp is located in a CU-CP and it is
responsible for fine-tuning RB allocation at RT scale. Details
about these Apps are provided below.

Traffic Estimator xApp: It analyzes the traffic generated by
each service m ∈ M via the E2 interface over the last TOBS

TTIs, specifically tracking the number of bits generated by
each service in each TTI. Using this data, this xApp estimates
the Probability Mass Function (PMF) of traffic generation for
each service. Further details are provided in in Section III-C.

The O-RAN E2 Service Model (E2SM) [23] defines a
metric to capture the number of bits entering the Radio Link
Control (RLC) layer in the downlink for a single Dedicated
Radio Bearer (DRB). This metric, measured in Kbits, can be
filtered per network slice (and thus, per service) and measured
periodically over a period referred to as granularity period.
This period can be as short as 1 ms. The E2 interface does not
need to transmit measurements of this metric every TTI, but
can instead send them in bursts. The corresponding reporting
period should be set such that the measurements arrive within
the execution period of MAREA (see point A, Fig. 2) and
allow it to be executed on time. Additionally, for the proposed
Traffic Estimator xApp, assuming each measurement requires
Nbit bits to represent the value of such metric and there is one
measurement per service m ∈ M over TOBS TTIs, the pro-
posed xApp must allocate a buffer of size Nbit×|M|×TOBS

to store the metrics captured via the E2 interface.
RB utilization Estimator xApp: Assuming a specific

amount of guaranteed RBs for a service m ∈ M, it estimates
the PMF for the number of RBs that the service m uses
beyond the guaranteed amount in an arbitrary TTI. To achieve
this, it utilizes a Neural Network (NN) based on Mixture
Density Network (MDN), considering the following inputs:
(a) the incoming traffic demand in each TTI expressed in
bits, (b) the enqueued bits in each TTI and (c) the candidate
number of guaranteed RBs for the next TOUT TTIs. These
metrics are available from E2 interface. Details about the
MDN implementation are provided in Section IV-B.

The O-RAN Near-Real-time RAN Intelligent Controller E2
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Service Model (E2SM) specification [24] defines the concrete
metrics to obtain inputs (b) and (c) through the E2 interface.
Note that input (a) was previously explained in the context of
the Traffic Estimator xApp. Input (b), the enqueued bits in each
TTI, can be obtained from the metric DL Buffer Occupancy
at the RLC layer, which is measured in Kbytes. Input (c), the
candidate number of guaranteed RBs for the next TOUT TTIs,
can be obtained from the parameter Slice PRB Quota, which
specifies, among other metrics, the number of guaranteed RBs
allocated to each slice, and thus per service.

Cell Capacity Estimator xApp: It analyzes the packets
transmitted via the radio interface as well as the Modulation
and Coding Schemes (MCSs) used for these transmissions for
each service m ∈ M during the last TOBS TTIs. This data
is collected from the vBS-DUs via E2 interface, as defined
in the O-RAN specifications [24]. The MCSs are computed
by the vBS-DUs using the UE’s Channel State Information
(CSI) reporting, which includes the Channel Quality Indicator
(CQI) [25]. These measurements are aligned with the metrics
specified in 3GPP TS 28.552 (Section 5.1.1.12) [26]. By con-
sidering these measurements, along with a guaranteed amount
of RB and the PMF of potential RBs usage exceeding this
guaranteed amount (provided by the RB utilization Estimator
xApp), this xApp generates the PMF for the served traffic.
Specifically, it calculates the PMF of the number of bits served
per TTI for each service m ∈ M. Details on computing these
PMFs are provided in Section IV-A.

Delay-Aware RB Allocation Controller xApp: Using in-
puts from previous xApps and an iterative process, this xApp
calculates the amount of guaranteed RBs Nmin

m for each
service m ∈ M, which ensures P [w > Wm] < εm, where w
is the packet transmission delay2, Wm is a delay bound and εm
is a violation probability. Note that

∑
m∈M Nmin

m ≤ NRB
cell ,

where NRB
cell is the RBs available in the cell.

In our previous work [11] we make use of an SNC-based
model to derive this probability. While this approach ensures
conservative estimations of the delay probabilities, it may limit
the number of services accommodated in the cell. To address
this drawback, in this paper, we consider a complementary
Martingales-based approach that achieves more accurate delay
estimations, However, unlike the SNC-based model, such
estimations are no longer conservative. This translates into the
possibility of admitting more services given a more efficient
resource allocation Nmin

m for each service m, at the cost of
a relaxed delay probability characterized by a small margin
of error. We envision an interested MNO selecting the most
appropriate model—whether the SNC-based or Martingales-
based—depending on its business requirements. Section III
describes the Martingales-based model, while the implemen-
tation of this xApp is detailed in Section IV-C. A comparison
of performances of using both the SNC-based model and the
Martingales-based model is evaluated in Section V.

RT Controller dApp: It operates every TTI and ensures
that each DU MAC scheduler, one per service m ∈ M,
has available at least Nmin

m RBs, i.e., the amount computed

2Packet transmission delay is the waiting time of a Transport Block (TB)
unit from entering the transmission buffer until it is fully transmitted.

by the Delay-Aware RB Allocation Controller xApp. For
a given TTI t, if a service m requires Nt RBs such as
Nt < Nmin

m , this dApp allocates Nt RBs to such service.
Otherwise, it first checks for free RBs, i.e., those allocated
to other services but unused in the current TTI. If free RBs
are found, the dApp allocates Nmin

m plus the available free
RBs to the specified service. Additionally, this dApp monitors
the transmission buffers for traffic anomalies and, if detected,
temporarily updates Nmin

m ∀m ∈ M to mitigate the violation
probability. To effectively monitor metrics at RT scale, vBS
components and dApps need interfaces similar to those used
by RICs and vBS components (i.e., O1 and E2 interfaces).
Northbound interfaces between dApps and the near-RT RIC,
and southbound interfaces between dApps and programmable
functions of DUs/CU as proposed in [6], facilitate control and
data sharing, ensuring dApps are platform-independent and
interact seamlessly with other O-RAN components.

The O-RAN Alliance has not yet released specific guide-
lines detailing how these northbound and southbound in-
terfaces should be implemented. Nevertheless, progress is
being made in this direction, as evidenced by a recent O-
RAN research report [27]. This report outlines the minimum
architectural and interface requirements for dApps, including
data exchange timelines, and explores their impact on control
and user plane extensions.

MAREA in a Multi-Cell Scenario: To extend the proposed
MAREA framework to a multi-cell scenario, it is sufficient to
deploy our solution in a distributed manner. Specifically, one
instance of MAREA can be deployed in each network cell.
Each instance works independently using local performance
metrics from its own cell, allowing the framework to scale
efficiently as more cells are added. This setup ensures that
our solution remains effective and scalable without needing
major changes to its design or operation.

III. LATENCY MODEL BASED ON MARTINGALES

To assess the packet transmission delay for each service,
we propose a delay model based on Martingales. This section
first provides some fundamentals on Martingales. Then, we
describe the steps to compute the delay bound Wm ∀m ∈ M.
Finally, we particularize these steps to our scenario.

A. Fundamentals on Martingales

Definition 1 (Martingale) [18]: Let (Ω,F∞, P ) be a prob-
ability space and let {Ft, t ≥ 0} be a filtration, which is a
nondecreasing sequence of σ-fields of F∞,Ft ⊂ Ft+1, t ≥ 0.
A stochastic process {X(t), t ≥ 0} is adapted to the filtration
{Ft, t ≥ 0} if X(t) is Ft-measurable for all t ≥ 0. If
E[|X(t)|] < ∞ ∀t ≥ 0 and E[X(t + 1)|Ft] = X(t) ∀t ≥ 0,
then {X(t), t ≥ 0} is called a martingale. Moreover, if
E[X(t + 1)|Ft] ≥ X(t), then {X(t), t ≥ 0} is called a
submartingale. On the contrary, if E[X(t + 1) | Ft] < X(t),
then {X(t), t ≥ 0} is called a supermartingale.

Let A(i, j) =
∑j

k=i+1 ak denote the arrival process, repre-
senting the cumulative number of bits arriving at a network
node over the time interval (i, j], where i and j represent
the TTI indexes. Furthermore, S(i, j) =

∑j
k=i+1 sk denotes
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the service process, representing the cumulative number of
bits that this network node can process in the same interval.
Both processes are driven by the stochastic processes ak
and sk, representing the number of incoming and served
bits in an arbitrary TTI, respectively. Henceforth, we define
A(j) := A(0, j) and S(j) := S(0, j) to simplify notation.

Definition 2 (Arrival Martingale) [14]: The arrival process
A(j) admits an arrival martingale if for a free parameter θ > 0
there is a Ka ≥ 0 and a function ha : rng(a) → R+ such that
the following process is a supermartingale

ha (aj) exp [θ(A(j)− jKa)] , j ≥ 0. (1)

where ‘rng’ represents the range operator. The parameters Ka

and ha implicitly depend on θ; for brevity, the notation Ka (θ)
and ha (θ) is omitted.

Definition 3: (Service Martingale) [14]: The service process
S(j) admits a service martingale if for every θ > 0 there is a
Ks ≥ 0 and a function hs : rng(s) → R+ such that the next
process is a supermartingale

hs (sj) exp [θ(jKs − S(j))] , j ≥ 0. (2)

Assuming the arrival process A(j) and the service process
S(j) admit arrival and service martingales, respectively, the
probability the packet’s transmission delay w exceeds a delay
bound W , i.e., the violation probability, has been defined by
Ciucu et al. [13], [28] as

P [w ≥ W ] ≤ E [ha (a0)]E [hs (s0)]

H
exp [−θ∗KsW ] , (3)

where θ∗ is computed as the supremum of the following set

θ∗ := sup {θ > 0 : Ka ≤ Ks} , (4)

and H is the minimum value of the next set

H := min {ha (x)hs (y) : x− y > 0} . (5)

In Eq. (3), the delay bound W is given in terms of the
number of TTIs. Based on this, we can reformulate Eq. (3) to
estimate the delay bound W as shown in Eq. (6). Note that
we have multiplied the resulting expression by the duration of
a single TTI, tslot, to convert the resulting delay bound into
time units.

W ≤ −log
[

HP [w ≥ W ]

E [ha (a0)]E [hs (s0)]

]
(θ∗Ks)

−1
tslot. (6)

B. Methodology for Delay Bound Computation with Martin-
gales

Based on the fundamentals of Martingales discussed earlier,
the following steps outline the procedure for estimating the
delay bound W given a target violation probability P [w ≥ W ].

Step 1: Define the arrival and service martingales for the
arrival and service processes A(j) and S(j), respectively. In
this paper, we use Wald’s martingales, which are applied to
sums of i.i.d. random variables [29].

Definition 4 (Wald’s Martingale) [29]: Let {xj , j > 1} be
a sequence of i.i.d. random variables with a finite Moment
Generating Function (MGF) Mx (θ) = E

[
eθx

]
for some θ >

0, and let Y (j) =
∑j

k=1 xk with Y (0) = 0. The process

MW
Y (j) ∀j ≥ 0 , defined by MW

Y (j) = Mx (θ)
−j

eθY (j), is
Wald’s martingale, satisfying E

[
MW

Y (j)
]
= 1 ∀j ≥ 0.

Step 2: Rewrite Wald’s martingales to conform with the
arrival and service martingales as specified in Eqs. (1) and (2).
From these reformulated expressions, extract the parameters
ha (aj), Ka, hs (sj) and Ks.

Step 3: Using the extracted parameters, compute the thresh-
old H , the expectations E [ha (a0)], E [hs (s0)], and θ∗.

Step 4: Finally, substitute the computed values into Eq. (6)
to estimate the delay bound W .

Below, we particularize these steps to estimate the delay
bound Wm for a uRLLC service m ∈ M.

C. Arrival Process of a Downlink uRLLC Service

The arrival process am,j represents the number of bits that
arrive to the vBS’s transmission buffer for service m in the j-th
TTI. We assume the PMF of the process am,j can be estimated
by using samples of the incoming bits per TTI in the last
TOBS TTIs. To that end, we define the sample vector x⃗am

=
{ainm,1, a

in
m,2 . . . ainm,TOBS

}, where ainm,i denotes the number of
bits that arrived to the transmission buffer in the TTI i for the
service m. Additionally, ainm,i =

∑Jin
m,i

k=1 lk, where J in
m,i is the

number of incoming packets for service m in the TTI i and lk
the size of the packet k. Note that the computation of x⃗am

is
a task performed by the Traffic Estimator xApp. Under these
assumptions, we can compute the MGF for the process am,j

as

Mam (θ) = (TOBS)
−1

TOBS∑
i=1

exp
[
θainm,i

]
. (7)

Based on the previous equation, we can build the Wald’s
martingale for the arrival process as

MW
am

(θ) = Mam (θ)
−j exp [θA(j)]

= exp [−jlog [Mam(θ)]] exp [θA(j)]

= exp
[
θ
(
A(j)− jθ−1log [Mam

(θ)]
)]

.

(8)

Note that the final expression was obtained by applying the
exponential operator to the logarithm of the term Mam

(θ)
−j ,

and then operating on the resulting expression. The obtained
Wald’s martingale has the same form of the arrival-martingale
defined in Eq. (1). Based on this observation, we can obtain
the parameter Ka,m as

Ka,m = θ−1log

[
(TOBS)

−1
TOBS∑
i=1

exp
[
θainm,i

]]
. (9)

Note that the parameter ha,m(am,j) = 1. Without loss of
generality, we define the auxiliary parameter K ′

a,m = θKa,m.

D. Service Process of the Cell Capacity Provided to a Down-
link uRLLC Service

The service process sm,j represents the number of bits that
may be served by the cell for service m ∈ M in the j-th
TTI. The negative MGF for sm,j is defined in Eq. (10). To
that end, we consider the PMF of sm,j can be estimated by (a)
using samples of the number of bits which may be transmitted
in the last TOBS TTIs and (b) considering the PMF of the
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RB utilization. The latter captures the dynamics of the RT
Controller dApp. Specifically, we consider the sample vectors
x⃗sm,n = {sn,outm,1 , sn,outm,2 . . . sn,outm,Tm,n

} ∀n ∈ [0, Nadd] where
sn,outm,i denotes the number of bits which may be transmitted
by the cell for service m in a single TTI, i.e., considering
the serving cell uses n + Nmin

m RBs for such service. Note
that n represents the number of additional RBs allocated
to service m, i.e, beyond the guaranteed ones. Furthermore,
Nadd = NRB

cell − Nmin
m and Tm,n is the number of samples.

Additionally, we consider πm,n as the probability that the
service m has a number of available RBs n + Nmin

m in
an arbitrary TTI, conditioned to the fact that the service m
requires n RBs more than Nmin

m . The computation of x⃗sm,n,
a task performed by the Cell Capacity Estimator xApp, is
detailed in Section IV-A.

Msm(−θ) =

Nadd∑
n=0

πm,n

Tm,n

Tm,n∑
i=1

exp
[
−θsn,outm,i

]
. (10)

Based on the previous equation, we can derive the Wald’s
martingale for the service process as shown in Eq. (11).
Note that the final expression was obtained by applying the
exponential operator to the logarithm of the term Msm (−θ)

−j .

MW
sm(−θ) = Msm (−θ)

−j exp [−θS(j)]

= exp [−jlog [Msm(−θ)]] exp [−θS(j)]

= exp
[
θ
(
−jθ−1log [Msm(−θ)]− S(j)

)]
.

(11)

The resulting Wald’s martingale has the same form as the
service martingale defined in Eq. (2). Based on that, we can
obtain the parameter Ks,m as Eq. (12) shown. Note that the
parameter hs,m(sm,j) = 1. For convenience, we define the
auxiliary parameter K ′

s,m = θKs,m.

Ks,m = −
(
θ−1

)
log

Nadd∑
n=0

πm,n

Tm,n

Tm,n∑
i=1

exp
[
−θsn,outm,i

] (12)

E. Delay Bound Estimation for an uRLLC Service

Since ha,m(am,j) = 1 and hs,m(sm,j) = 1, the threshold
Hm = 1 as well as the expectations E [ha,m (am,0)] = 1 and
E [hs,m (sm,0)] = 1. Using these results along with Eq. (6)
and Eq. (12), we can define Wm ∀m ∈ M as follows

Wm ≈ log [P [w ≥ Wm]]

log
[∑Nadd

n=0
πm,n

Tm,n

∑Tm,n

i=1 exp
[
−θ∗msn,outm,i

]] (13)

The previous delay bound depends on θ∗m, which is the
minimum upper bound for the set of values of θ where Ks,m ≥
Ka,m as Eq. (4) shown. Note this set of values is the same
when considering the inequality K ′

s,m ≥ K ′
a,m.

Before computing θ∗m, we first present an example in
Fig. 3, illustrating the evolution of the parameters K ′

a,m and
K ′

s,m for various θ values. This example consider different
scenarios, each with a specific number of guaranteed RBs for
a single service m ∈ M. If we examine the right plot, i.e.,
Nmin

m = 90 RBs, K ′
s,m is greater than K ′

a,m for very small
θ values. The range where K ′

s,m > K ′
a,m decreases as the

number of guaranteed RBs decreases, e.g., when Nmin
m = 60

10−5 10−3

θ

10−1

101

103
Nmin
m =30 RBs

10−5 10−3

θ

θ∗m = 7.69e-05

Nmin
m =60 RBs

10−5 10−3

θ

θ∗m = 1.34e-04

Nmin
m =90 RBs

K ′a,m

K ′s,m
θ∗m

Fig. 3. Evaluation of K′
a,m and K′

s,m for a service m ∈ M with a specific
number of guaranteed RBs Nmin

m . This example uses the traffic pattern and
channel conditions defined in the experimental setup (see Section V).

Algorithm 1: Search of θ∗m for a service m ∈ M.
1 Inputs: Sample vectors x⃗am and x⃗sm,n, TOBS , Tm,n, πm,n;
2 Initialization: θold = 1, ∆ = 0.9;
3 while True do
4 Compute θnew = θold∆;
5 if K′

s,m(θnew)−K′
a,m(θnew) ≥ 0 then

6 break;
7 else
8 θold = θnew;
9 if θnew < 10−9 then

10 break;
11 end
12 end
13 end
14 if θnew ≥ 10−9 then
15 Use bisection algorithm [30] to find θ∗m ∈ [θnew, θold];
16 Output: θ∗m;
17 else
18 Output: θ∗m does not exist;
19 end

RBs. Furthermore, when the reserved RBs are sufficiently
small, e.g., Nmin

m = 30, K ′
a,m never exceed K ′

s,m for any
θ, indicating that the DL traffic for the service cannot be
adequately served over time, resulting in overflow in the vBS’s
transmission buffer.

Another observation is K ′
a,m and K ′

s,m are not convex,
indicating the need for a heuristic algorithm to search for
θ∗m. Based on the observed behavior of K ′

a,m and K ′
s,m,

we have proposed the heuristics defined in Algorithm 1. It
begins by taking as input the sample vectors x⃗am , x⃗sm,n

containing the traffic estimation for service m and the cell
capacity for that service, respectively, as well as the sample
sizes TOBS , Tm,n and the probability πm,n (line 1). With
these inputs, an initial value is set for the upper limit of
the interval where θ∗m ∈ [θnew, θold], and a parameter ∆ is
defined to determine the speed of the search for θ∗m, i.e., the
closer ∆ is to 1, the more exhaustive the search (line 2).
Based on experimental observations in Fig. 3, we set θold = 1
and ∆ = 0.9. Then, we start an iterative procedure (lines
3-13). In each iteration, a value for the lower limit of the
interval [θnew, θold] is computed (line 4). Then, we evaluate
if K ′

s,m(θnew) −K ′
a,m(θnew) > 0. If so, the loop terminates

with θnew as the new lower bound (line 6). Otherwise θold
is updated to θnew and the loop continues (line 8). Note
that if θnew remains above 10−9 (line 10), the loop ends
and the algorithm stop (lines 18). The value 10−9 has been
experimentally established, based on Fig. 3, as sufficiently
small to determine that θ∗m does not exist due to the cell
capacity being inadequate to meet the service demands. If θnew
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is above 10−9, the bisection method [30], which is based on
the intermediate value theorem, is used for searching the value
of θ∗m ∈ [θnew, θold] (lines 15-16).

The computational complexity of Algorithm 1 is
O ([Tm,n ·Nadd + TOBS ] ·Nmax), where Tm,n, Nadd

and TOBS are input parameters that determine the number
of operations performed by the algorithm. In each iteration,
the algorithm computes two variables: K ′

s,m and K ′
a,m.

To calculate K ′
s,m, i.e, Eq. (12), a double summation is

performed over the indices Tm,n and Nadd, with each
summation involving the calculation of an exponential
function, which is assumed to take constant time. This
results in a complexity of O(Tm,n · Nadd). For K ′

a,m,
i.e., Eq. (9), a summation over TOBS is performed, also
involving the calculation of an exponential function in
each term, yielding a complexity of O(TOBS). Since these
calculations are independent, their complexities are added,
giving O(Tm,n · Nadd + TOBS) per iteration. The algorithm
includes a while loop, whose maximum number of iterations
is bounded by Nmax =

⌈
log(10−9)

log(∆)

⌉
, where ∆ is a parameter

that controls convergence. Therefore, the total complexity of
Algorithm 1 is O ([Tm,n ·Nadd + TOBS ] ·Nmax), exhibiting
a scalable (and computationally affordable) behavior.

IV. CONTROL LOOPS OF MAREA

In this section, we detail how MAREA executes the near-RT
and RT control loops. We begin by explaining the computation
of cell capacity samples and the estimation of probabilities
πm,n. Next, we describe how the Delay-Aware RB Allocation
Controller xApp determines Nmin

m for all m ∈ M in the near-
RT control loop. Finally, we outline how the RT Controller
dApp mitigates the violation probability.

A. Computation of the Cell Capacity Samples

The Cell Capacity Estimator xApp performs the following
steps to obtain a sample sn,outm,i ∈ x⃗sm,n.

Step 1: For each transmitted packet j, it considers (a)
the packet size lj , and (b) the amount of RBs required to
transmit it, i.e., Npkt,j . Note that we are assuming that a
unique MCS value is adopted to transmit each packet. It means
this xApp can compute the number of bits transmitted per
RB as sRB,j = lj/Npkt,j . Based on that, it defines a vector
x⃗pkt,j = {sRB,j , sRB,j . . . , sRB,j}, where the element sRB,j

is repeated Npkt,j times.
Step 2: Performing the previous step for all the transmitted

packets, this xApp obtains a set of vectors x⃗pkt,j ∀j ∈ JOBS ,
where JOBS denotes the set of packets transmitted in the
last TOBS TTIs. Based on that, this xApp defines x⃗con =
{x⃗pkt,1, x⃗pkt,2 . . . x⃗pkt,|JOBS |} as a vector which concatenates
each measured vector x⃗pkt,j .

Step 3: Based on x⃗con, this xApp groups its samples in
set of Nset

m,n = n + Nmin
m consecutive samples. Note that

n ∈ [0, Nadd] is the number of additional RBs that may
be allocated to service m beyond the guaranteed number of
RBs (see definition in Section III-D). In turn, each group
of Nset

m,n consecutive samples defines a vector x⃗n,out
m,i , where

i ∈ [1, Tm,n] represents the i-th vector. We define Tm,n as the

Gaussian Mixture Models (GMMs)

𝑓𝑓𝑚𝑚 𝑥𝑥 = �
𝑐𝑐=1

𝐶𝐶𝑚𝑚

𝑤𝑤𝑐𝑐,𝑚𝑚𝒩𝒩(𝑥𝑥|𝜇𝜇𝑐𝑐,𝑚𝑚 ,𝜎𝜎𝑐𝑐,𝑚𝑚) ∀𝑚𝑚 ∈ ℳ

μ𝑐𝑐,𝑚𝑚

𝜎𝜎𝑐𝑐,𝑚𝑚

𝑤𝑤𝑐𝑐,𝑚𝑚

𝑥⃗𝑥𝑖𝑖𝑖𝑖

Neural Network (NN)

Fig. 4. Overview of the considered Mixture Density Network (MDN). Copied
from [11].

total number of built vectors. Note we have one vector x⃗n,out
m,i

per sample sn,outm,i , i.e., see Eq. (10).
Step 4: Finally, this xApp obtains the sample sn,outm,i as the

sum of all the elements of the vector x⃗n,out
m,i , i.e., sn,outm,i =∑Nset

m,n

z=1 x⃗n,out
m,i {z}.

Note that this xApp generates a sample vector x⃗sm,n for
each value of n. Thus, steps 3-4 need to be repeated for every
n. For instance, if a service m has Nmin

m = 10 guaranteed
RBs and the cell has NRB

cell = 25, then n varies from 0 to 15.

B. Mixture Density Networks for Estimating the RB Utilization

The Delay-Aware RB Allocation Controller xApp utilizes
a MDN, a NN architecture for modeling probability distri-
butions [31], to estimate πm,n. Unlike a typical NN, which
produces a single value, an MDN generates one or more pa-
rameterized mixture models in its output layer. These models
are weighted combination of several component distributions.
We consider |M| Gaussian Mixture Models (GMMs), one per
service. It is proven the GMM accurately approximate any
arbitrary distribution in the context of wireless networks [32]–
[34]. Specifically, πm,n might not follow a single known
statistical distribution and may vary over time. The GMM is
described by the equation in Fig. 4, where Cm denotes the
number of Gaussian distributions. In turn, the c-th distribution
is characterized by the weight wc,m, the mean µc,m and
the standard deviation σc,m. Note that

∑Cm

c=1 wc,m = 1.
The considered MDN is summarized in Fig. 4. The inputs
parameters x⃗in are: (a) the RB utilization for each service,
and (b) the 25th, 50th and 75th percentiles of incoming and
enqueued bits. All of them are measured in the last TOUT TTIs
for each service m ∈ M. Additionally, the MDN considers
as input the target number of guaranteed RBs for each service
m ∈ M in the next TOBS TTIs. Based on them, the MDN
provides an estimation of the parameters wc,m, µc,m and σc,m.
Finally, we compute the πm,n as Eq. 14 shows. Specifically,
we split the GMM into Nadd regions (i.e., see Section III-D)
and compute πm,n as the probability of being in the n-th
region.

πm,n =

Cm∑
c=1

∫ n+0.5

n−0.5

wc,mN (x|µc,m, σc,m) dx. (14)

Note that the considered MDN model was validated in our
previous work [11].

C. MAREA Near-RT Control Loop

The Delay-Aware RB Allocation Controller xApp aims to
determine the optimal allocation of guaranteed RBs Nmin

m for
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each service m ∈ M, such that the delay bound Wm is as
close as possible to, or below, the target delay budget W th

m ,
given the target violation probability εm. To achieve this, we
formulate the ORCHESTRATION_URLLC_SERVICES prob-
lem, aiming to minimize the maximum ratio Wm/W th

m across
all |M| services as shown in Eq. (15). This optimization is
subject to the constraint Eq. (16), ensuring the guaranteed RBs
across all services does not exceed the available amount given
the cell configuration.
Problem ORCHESTRATION_URLLC_SERVICES:

min.
Nmin

m

g(W⃗ ) = max

{
W1

W th
1

, . . . ,
W|M|

W th
|M|

}
, (15)

s.t.:
|M|∑
m=1

Nmin
m ≤ NRB

cell . (16)

The objective function g(W⃗ ) depends on the computation of
Wm ∀m ∈ M. Specifically, for a given number of guaranteed
RBs Nmin

m ∀m ∈ M, it is necessary to calculate |M| delay
bounds Wm. This requires calculating θ∗m for each service
beforehand. As demonstrated in Fig. 3 (Section III-E), the
search for θ∗m occurs in a non-convex space, which necessitates
using the heuristics from Algorithm 1 |M| times, one per
service. For this reason, we propose Algorithm 2 to solve the
ORCHESTRATION_URLLC_SERVICES problem.

This algorithm considers the target delay budget W th
m , the

target violation probability εm and the sample vectors x⃗am
,

x⃗sm,n as inputs. It begins with an equal distribution of the
available RBs among the services, i.e., Nmin

m,z = ⌊NRB
cell /|M|⌋.

Then, it initiates an iterative procedure to get Nmin
m ∀m ∈ M.

In each iteration, considering Nmin
m,z guaranteed RBs for each

service, it first estimates πm,n using the MDN described in
Section IV-B (step 4). Then, it uses the Martingales-based
model (see Section III-E) to estimate the delay bound Wm,z

for the target Nmin
m,z (step 5). Then, it evaluates the objective

function, i.e., Eq. (15), considering Wm,z and Wm (step
6). If the objective function has been reduced compared to
the previous iteration (step 7), the algorithm updates the
new values for Nmin

m and Wm (step 8) and tries to reduce

Algorithm 2: Near-RT RB allocation
1 Inputs: W th

m , εm, x⃗am , x⃗sm,n;
2 Initialization: Nmin

m,z = ⌊NRB
cell/|M|⌋, Wm = ∞,

Wm,z = ∞ stop = False;
3 while stop == False do
4 Estimate πm,n ∀m ∈ M ∀n ∈ [0, Nadd] [Section IV-B];
5 Estimate Wm,z ∀m ∈ M [See Eq. (13)];
6 Evaluate g(W⃗z) and g(W⃗ ) [See Eq. (15)];
7 if g(W⃗z) < g(W⃗ ) then
8 Update Nmin

m = Nmin
m,z ; Wm = Wm,z ∀m ∈ M;

9 Select m′|Wm′
W th

m′
≥ Wm

W th
m

∀m ∈ M \ {m′};

10 Select m′′|Wm′′
W th

m′′
≤ Wm

W th
m

∀m ∈ M \ {m′′};

11 Compute Nmin
m′,z = Nmin

m′ + 1; Nmin
m′′,z = Nmin

m′′ − 1;
12 else
13 stop = True;
14 end
15 end
16 return Nmin

m , Wm;

the objective function. To that end, it selects the service
m′ with the best ratio Wm′/W th

m′ and the service m′′ with
the worst ratio Wm′′/W th

m′′ (steps 9-10). The algorithm then
reallocates one guaranteed RB from service m′′ to service m′

(step 11). A new iteration of the algorithm starts if Nmin
m,z

∀m ∈ M improves the objective function. Conversely, the
iterative procedure ends if the objective function can not be
further improved (step 13).

Regarding the computational complexity of Algorithm 2,
the bottleneck lies in line 5, which depends on the ex-
ecution of Algorithm 1. The time complexity results in
O ([Tm,n ·Nadd + TOBS ] ·Nmax · |M|), which corresponds
to the complexity of Algorithm 1 multiplied by the number
of services |M|. The overall complexity of Algorithm 2
is then O ([Tm,n ·Nadd + TOBS ] ·Nmax · |M| ·Nite), where
Nite represents the number of iterations of the while loop. This
parameter depends on the number of services |M| as well as
the total number of radio resources NRB

cell . As shown later in
Section V-B, the value of Nite increases with the number of
radio resources. Although this is not explicitly reflected in
the results for Nite, a similar trend has been experimentally
observed with respect to the number of services |M|.

D. RT Control Loop

Every TOUT TTIs, the RT Controller dApp receives the new
value of Nmin

m ∀m ∈ M from the Delay-Aware RB Allocation
Controller xApp (see point B in Fig. 2). Based on them, the RT
Controller dApp operates at each TTI as follows. First, it tries
to drain the transmission queue of each service m by using
Nmin

m RBs. After, a subset M′ ⊂ M of services will have
drained their queues, while the remaining M′′ = M − M′

services may still have pending transmissions. Assuming
the |M′| services have not fully consumed their guaranteed
amount of RBs Nmin

m , the total remaining free RBs can be
represented as Nfr. These spare resources, which comprise
the sum of the resources not utilized by the |M′| services,
can then be allocated to the remaining |M′′| services (see
point D in Fig. 2). Specifically, the Nfr RBs will be allocated
among the |M′′| services following the Earliest Deadline First
(EDF) discipline [35] since it minimizes the number of packets
whose transmission delay is above the target delay budget.
Note EDF does not consider the violation probability [36]. For
this reason, the RT Controller dApp combines EDF with the
establishment of guaranteed RBs per service. Since the latter
are decided by the Delay-Aware RB Allocation Controller
xApp, our framework ensures P [w > Wm] ≤ εm ∀m ∈ M as
long as the traffic and channel conditions do not change with
respect to the samples x⃗am

, x⃗sm,n.
If the traffic and/or channel conditions change, P [w > Wm]

may be greater than the violation probability εm. To avoid it
whenever possible, the RT Controller dApp executes Algo-
rithm 3 to temporarily adjust the number of guaranteed RBs
Nmin

m of the set M of services (see point E in Fig. 2).
This algorithm monitors the waiting time of the first packet

of each service in the transmission queue. Then, if the waiting
time is close to the delay budget, the algorithm increases (if
possible) the amount of guaranteed RBs for the corresponding
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Algorithm 3: Mitigating w > W th
m at TTI i

1 Inputs: Nmin
m , QU

T,m, QL
T,m, s⃗i−1;

2 Compute qi,m ∀m ∈ M;
3 Update states s⃗i and Nreq

m,i according to Fig. 5;
4 v⃗d =

{
m′} ∀m′ |s⃗i{m′} = A ;

5 v⃗b =
{
m′′} ∀m′′ |s⃗i{m′′} = B ∪ C;

6 if v⃗d ̸= ∅ then
7 Set Nite =

∑
m′′ N

req
m′′,i and Nmin

m,i = Nmin
m ∀m ∈ M;

8 Set jd = 0 and jb = 0;
9 for u from 1 to Nite do

10 Determine n′ = v⃗d{jd} and n′′ = v⃗b{jb};
11 Update Nmin

n′,i = Nmin
n′,i − 1; Nmin

n′′,i = Nmin
n′′,i + 1;

12 Update jd = jd + 1 and jb = jb + 1;
13 if jd == |v⃗d| then
14 jd = 0
15 end
16 if jb == |v⃗b| then
17 jb = 0
18 end
19 end
20 end
21 return: Nmin

m,i , Nreq
m,i ;
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Fig. 5. Transitions of the finite-state machine to control the RB allocation for
service m. From [11].

service. To this end, Algorithm 3 relies on a finite-state
machine of three states

{
A,B,C

}
based on two thresholds

QU
T,m and QL

T,m. The threshold QU
T,m = ηQT,m indicates the

waiting time of a packet is close to the delay budget, whereas
QL

T,m = τQT,m indicates the waiting time is far to the delay
budget. The parameter QT,m = ⌊W th

m /tslot⌋ is the maximum
number of TTIs that a packet can wait in the queue before
crossing the delay budget. Additionally, QU

T,m > QL
T,m. Note

that η ∈ (0, 1] and τ ∈ (0, 1] can be tuned by the MNO.
Regarding the states, the state A indicates the RT Controller
dApp allocates to the service m the amount of guaranteed RBs
decided by the Delay-Aware RB Allocation Controller xApp,
i.e., Nmin

m,i = Nmin
m . Note that we define Nmin

m,i as the amount
of guaranteed RBs decided by the RT Controller dApp in the
TTI i. The state B indicates the waiting time w of the first
packet of service m is very close to the delay budget (i.e.,
w/tslot > QU

T,m), thus the RT Controller dApp may increase
the amount of guaranteed RBs for such service. Specifically,
it may increase Nreq

m,i RBs. In state B, Nreq
m,i increases by one

RB with respect to the previous TTI. The state C indicates
the waiting time of the first packet is lower than in state B,

but not enough to go back to Nmin
m,i = Nmin

m . In such case,
Algorithm 3 keeps the same value of Nreq

m,i with respect to the
previous TTI. In Fig. 5 we summarize the possible transitions
among states. Considering such transitions, we define s⃗i as a
vector containing the state for each service at TTI i.

Based on Nmin
m , QL

T,m, QU
T,m and s⃗i−1, Algorithm 3

initially computes the state of the first packet of each service
as qi,m = wpkt

m /tslot (step 2). Note that wpkt
m is the waiting

time of such a packet. Then, it updates the states s⃗i and
Nreq

m,i according to the transitions depicted in Fig. 5 (step
3). Later, Algorithm 3 needs to check if the amount of RBs
defined in Nreq

m,i can be allocated, in addition to Nmin
m , to the

corresponding services. The policy considered by Algorithm 3
is that only the services whose state is A can donate RBs
to those which require more RBs. Considering this policy,
Algorithm 3 iteratively re-allocates the amount of guarantees
RBs from services in state A to services in states B or C
(steps 4-20).

The computational complexity of Algorithm 3 can be gener-
ically expressed as O(|M| + Nite). In particular, lines 2-5
involve checking the transmission queue state for each service
m ∈ M, while the remaining lines depend on the number
of iterations Nite. In turn, Nite is governed by two key
factors. First, there must exist services capable of donating
radio resources (see line 4 in Algorithm 3), meaning their
transmission queues must be in state A. If this condition is
met, then Nite depends on the number of additional resources
requested by the services whose transmission queues are in
state B or C (see line 7 in Algorithm 3). Both |M| and Nite

depend on the number of services as well as the state of their
transmission queues at the time Algorithm 3 is executed.

V. PERFORMANCE RESULTS

We conducted an extensive simulation campaign to validate
MAREA and assess its performance using a Python-based
simulator running on a computing platform with 16 GB
RAM and a quad-core Intel Core i7-7700HQ @ 2.80 GHz.
The simulator models a single cell utilizing an Orthogonal
Frequency-Division Multiple Access (OFDMA) scheme with
NRB

cell ∈ [50, 100] RBs and tslot = 1 ms. To simulate the traffic
and cell capacity of each uRLLC service, we use realistic
traces collected from an operational RAN with the FALCON
tool [37]. FALCON enables the decoding of the Physical
Downlink Control Channel (PDCCH) of a vBS, providing
insight into the number of active users and their allocated
resources. Fig. 6 illustrates the incoming bits per TTI measured
by FALCON, along with the corresponding PMF in the upper
plots. To emulate the incoming traffic for three distinct uRLLC
services, we sorted the active UEs and divided them into
equally sized groups based on their aggregated traffic demand.
The resulting PMFs for these groups are also shown in the
lower plots of Fig. 6. For these services, we set a delay
budget W th

m =
{
5, 10, 15

}
ms and target violation probability

εm =
{
10−5, 10−4, 10−3

}
[38]–[40].

A. Validation Martingales-based Model
In the first experiment, we examine a cell hosting a single

service m with incoming traffic measured by FALCON (i.e.,
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Fig. 6. PMFs of incoming bits from FALCON traces. Copied from [11].

blue plots in Fig. 6). Assuming a target violation probability
εm = 10−3, we estimate the delay bound using the proposed
Martingales-based model and compare it with the real delay
bound obtained through simulation. We also compare this with
delay bounds estimated using the SNC-based model proposed
in [11]. The Delay-Aware RB Allocation Controller xApp (a)
allocates Nmin

m ∈ [40, 100] RBs for the service, and (b) uses
TOBS ∈

{
1, 2, 3, 4, 5, 6

}
· 1000 TTIs to obtain the sample

vectors x⃗am
and x⃗sm,n.

Fig. 7 illustrates the evolution of the delay bound as
the Delay-Aware RB Allocation Controller xApp allocates a
specific number of RBs to the service. The left plot depicts
the delay bound estimation using the SNC-based model, while
the right plot represents the estimation from the proposed
Martingales-based model. Both plots include red boxplots rep-
resenting the delay bounds measured experimentally through
simulation. For each specific RB allocation, the delay bound
was experimentally measured 50 times, with each measure-
ment based on a simulation of 4 million TTIs.

The results show that delay bounds from the SNC model
are significantly less accurate than those from the proposed
Martingales-based model, which closely aligns with real val-
ues. To quantify this difference, Fig. 8 illustrates the relative
error between the actual delay bounds (measured in simu-
lations) and those estimated by both models. The average
relative error ranges from 15% to 25% for the Martingales-
based model, compared to around 300% for the SNC model,
demonstrating superior accuracy.

When comparing measurements for different TOBS values,
both models provide reliable estimates when TOBS ≥ 4000.
Below this threshold, estimations are less accurate, espe-
cially with fewer RBs are allocated. For the Martingales-
based model, we can see that the delay bound estimation is
significantly higher than the real value for the blue and orange
curves (TOBS = 1000 and TOBS = 2000, respectively). For
the SNC model, even with the green curve (TOBS = 3000),
the estimation is no longer conservative (i.e., the estimated
value exceeds the real value). Note that the SNC-based model
guarantees accurate upper-bound estimations only when the
PMF for both arrival and service processes is correctly cap-
tured [11]. Due to insufficient samples when TOBS < 4000,
this is not the case. This fact also explains why the SNC model
shows a ”lower” relative error with few samples. However,
this lower error is misleading; the estimation is not better but
appears so because, with insufficient samples, the estimates
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Fig. 9. Execution time comparison between the Martingales-based model and
the SNC-based model for estimating the delay bound Wm.

and actual values intersect at lower RB values, creating a false
impression of improved accuracy.

The execution times of the Martingales-based model and the
SNC-based model were also compared, as shown in Fig. 9. The
boxplot illustrates that both models exhibit a linear increase
in execution time with TOBS , but the SNC-based model’s
time grows more rapidly. For TOBS = 6000, the SNC-
based model’s execution time is twice that of the Martingales-
based model. This is due to the Martingales-based model only
needing to optimize one parameter, θ∗m, while the SNC-based
model optimizes two parameters [11].

Analyses of the previous results show that the Martingales-
based model provides better delay bound estimations and faster
execution times than the SNC-based model, making it ideal for
integration into the proposed framework.

B. Performance Analysis of the Delay-Aware RB Allocation
Controller xApp

In a third set of experiments, we focus on a single de-
cision period of the Delay-Aware RB Allocation Controller
xApp when it consider both, the Martingales-based model
and the SNC-based model [11] to estimate the delay bound.
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Fig. 10. Convergence Analysis of Algorithm 2.

TABLE I
PERFORMANCE COMPARISON OF DELAY-AWARE RB ALLOCATION

CONTROLLER XAPP USING SNC-BASED AND MARTINGALES-BASED
MODELS WITH A BRUTE FORCE ALGORITHM.

NRB
cell 60 70 80 90 100

Relative error (%)
SNC-based model 23.07 21.43 23.05 21.43 17.35

Relative error (%)
Maringale-based model 0 0 0 0 0

Brute Force (iterations) 1711 2346 3081 3916 4851
Algorithm 2 (iterations)

SNC-based model 12 14 16 19 22

Algorithm 2 (iterations)
Martingales-based model 12 14 16 20 22

Ratio iterations
SNC-based model 142.58 167.57 192.56 206.10 220.5

Ratio iterations
Martingales-based model 142.58 167.57 192.56 195.8 220.5

Avg. Execution Time per
iteration (ms) when
SNC-based model

184.62 179.09 176.39 173.76 171.85

Avg. Execution Time per
iteration (ms) when

Martingales-based model
106.38 99.67 91.63 88.95 87.90

Specifically, we assume this xApp computes Nmin
m for the

three services described at the beginning of Section V. Under
this scenario, we evaluate the convergence of the heuristics
proposed in Algorithm 2, the computational complexity of
such heuristics, and the accuracy of the obtained solution with
respect to the optimal.

First, we evaluate the convergence of Algorithm 2. We
consider the Delay-Aware RB Allocation Controller xApp
applies the Martingales-based model to derive the delay bound.
Fig. 10 depicts the objective function value g(W⃗ ), i.e., purple
curve, and the ratios Wm/W th

m ∀m ∈ M, i.e., orange, green
and red curves, across iterations. The heuristics progressively
reduce g(W⃗ ) until achieving the optimal solution.

Second, we compare the heuristic solution with the optimal
one obtained via brute force for NRB

cell ∈ [60, 100] RBs. The
heuristics employ both the Martingales-based model and the
SNC-based model [11]. Table I shows that the heuristic with
the Martingales-based model reaches the optimal solution,
while the SNC-based model yields a near-optimal solution
with a 20% relative error. This confirms that our heuristic
can provide near-optimal solutions efficiently, avoiding the
computationally expensive brute force method.

Furthermore, we observe the number of iterations increases
with NRB

cell due to the larger search space, while the aver-
age execution time per iteration decreases slightly. This is
because estimating Wm (via Algorithm 1 to determine θ∗m
and Wm) becomes faster with more RBs. Specifically, fewer
iterations are needed as NRB

cell increases, as previously shown
in Fig 3. Comparing execution times, the Delay-Aware RB
Allocation Controller xApp performs iterations faster with the

Martingales-based model than with the SNC-based model, as
the former estimates delay bounds more quickly as previously
depicted in Fig. 9.

C. Service Accommodation Capability of the Delay-Aware RB
Allocation Controller xApp

In this experiment, we evaluated the service accommodation
capability of the Delay-Aware RB Allocation Controller xApp,
which can use either the proposed Martingales-based model
or the SNC-based model presented in [11]. Specifically, we
assessed each controller’s ability to allocate radio resources
to multiple coexisting uRLLC services within a cell, ensuring
that the delay requirements of these services are met simulta-
neously. This means the objective function g(W⃗ ) defined in
Eq. (15) must be less than or equal to 1.

Results are presented in Fig. 11, which shows the value of
the objective function g(W⃗ ) when deploying a specific number
of uRLLC services given a fixed number of RBs available in
the cell. The left plot displays the objective function value for
the SNC-based controller, while the right plot shows the value
for the Martingales-based controller. Note that both controllers
were evaluated under the same conditions, including identical
services with the same latency requirements, traffic generation
distribution, and channel conditions.

The results indicate that the Martingales-based controller
can accommodate up to 4 services simultaneously with 50
RBs, whereas the SNC-based controller can only accommo-
date a single service with the same number of RBs. Even with
90 RBs, the SNC-based controller can handle only 3 services,
which is fewer than the number of services accommodated
by the Martingales-based controller with 50 RBs. Although
services orchestrated by the SNC-based controller would ex-
perience lower delay bounds (see results of Section V-A), the
conservative estimations of the SNC-based model limits the
number of services that can be deployed by the MNO. In
contrast, the Martingales-based model provides more accurate
delay bound estimations, allowing the proposed controller
to deploy a greater number of services. This highlights the
significant advantage of using a Martingales-based model
over an SNC-based model for orchestrating multiple uRLLC
services.

D. Performance Analysis of MAREA Framework

In the last experiment, we evaluated the performance of
MAREA against three reference solutions. These solutions are
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Fig. 11. Analysis of the service accommodation capability when the cell has
available a specific amount of RBs.
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based on different resource allocation mechanisms and control
strategies, as detailed below:

• Reference solution #1: only considers a single RT-
Controller (dApp) in the O-RAN architecture, located
in the CU-CP. The RT-Controller implements an EDF
scheduler across all |M| services. For each service m ∈
M, a transmission queue is considered, and the scheduler
monitors the waiting time of the first packet in each
queue. The packet whose waiting time is closest to its
corresponding delay bound W th

m is transmitted first.
• Reference solution #2: the Queue Length and Delay Re-

quirement (QLDR)-Based Algorithm, proposed in [41],
operates in two main steps. First, for each service m ∈
M, the average transmission queue length (in bits) and
the average spectral efficiency (in bits/s/Hz) are computed
over the past T TTIs. Then, the average queue length
is normalized by the average spectral efficiency and
further divided by the service’s target delay bound W th

m .
Finally, the available RBs N cell

RB are allocated among these
services in proportion to the previous normalized values.
Note that Nmin

m ∀m ∈ M is updated every T TTIs.
• Reference solution #3: utilizes all the xApps proposed in

MAREA framework, except for the RT Controller dApp.
Specifically, the Delay-Aware RB Allocation Controller
xApp is responsible for periodically calculating the RBs
required by each service m ∈ M, as in MAREA.
However, a key distinction is that this solution does
not allow for RB sharing between services during the
assignment period. Each service m ∈ M is allocated
dedicated Nmin

m RBs, and those resources that are not
being used by a service (in specific TTIs) cannot be
shared with other services, unlike MAREA, which allows
sharing of unused RBs between services within the same
assignment period.

• Reference solution #4: the RT Controller dApp is in-
cluded, along with the remaining MAREA’s xApps, en-
abling the sharing of RBs among services. Specifically, if
certain services are not utilizing their full allocated RBs
at specific TTIs, those unused RBs can be reassigned
to other services with higher instantaneous traffic load.
However, the RB sharing is implemented using an EDF
scheduler, without considering Algorithm 3, which is
a key aspect of MAREA. In our framework, the EDF
scheduler is complemented by Algorithm 3, which takes
into account the state of the transmission queues for each
service m ∈ M, providing a more sophisticated approach
to resource sharing.

To measure the performance of these solutions, we consider
the Complementary Cumulative Distribution Function (CCDF)
of the metric (w − W th

m )/W th
m . Note the random variable

w represents the transmission delay of an arbitrary packet.
Additionally, when this metric is equal to 0, the CCDF value
represents the violation probability. In Fig. 12 we observe that
the reference solution #3 provides the worst performance, i.e.,
a violation probability 11.46 and 178.30 times larger than
MAREA for services 1 and 2. Note that this probability is
equal to 0 for scenario 3 when we consider MAREA. These
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results are due to the fact the reference solution #2 only
considers dedicated RBs. Reference solution #2 also considers
dedicated RBs, but outperforms reference solution #3. This
is because its dedicated RB allocation is updated every 10
TTIs, whereas in reference solution #3, it is updated every
1000 TTIs. As a result, despite not using a delay estimation
model, reference solution #2 better accounts for the current
transmission queue state, capturing the impact of unexpected
traffic behavior on queue occupancy and the current radio
channel capacity for these users. The remaining solutions
consider sharing RBs among the services. Comparing them,
the reference solution #1 usually provides a greater violation
probability with respect to MAREA. Although EDF ensures
the packet with the earliest deadline are transmitted first, e.g.,
we observe for service 0 the CCDF is lower for reference
solution #1 when (w−W th

m )/W th
m ≤ 0, it does not provide any

guarantees in terms of violation probability. To consider such
probability, the MAREA framework establishes guaranteed
RBs in a near-RT and allocates share free RBs among services
using EDF in a RT scale. It improves the performance with
respect to the remaining solutions. Specifically, MAREA pro-
vides lower violation probabilities for service #1 and service
#2. Finally, we observe the consideration of Algorithm 5 in
MAREA improves the obtained violation probability if we
compare the results with the ones obtained by the reference
solution #4. The improvement is most significant when the
metric (w − W th

m )/W th
m is higher. This is due to Algorithm

5 performing its actions when the waiting time of a packet in
the transmission queue is closer to the delay budget. We can
also observe the reference solution #4 has a similar behavior
as MAREA for service 2. The packet transmission delay is
never above the delay budget for this service, as happens for
services 0 and 1.

VI. CHALLENGES FOR IMPLEMENTING MAREA IN
REAL-WORLD O-RAN DEPLOYMENTS

The deployment of MAREA in an O-RAN testbed would
allow to evaluate its performance in real radio conditions based
on specific deployment scenarios. However, implementing
MAREA in such an environment presents several challenges
that require extensive investigation and are thus beyond the
scope of this work.
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Real-Time Task Execution. A key challenge is ensuring
real-time task execution across the different functional blocks
of MAREA. Its two control loops, working at near-RT and RT
timescales, need fast processing to make sure radio resource
allocations happen on time. In particular, the RT control
loop needs hardware optimization to adjust radio resource
allocation at each TTI or every few TTIs, depending on the
transmission queue status of uRLLC services. This can be
done using hardware accelerators like FPGAs and/or GPUs to
run these time-critical tasks efficiently. The advantages of such
hardware acceleration in O-RAN systems have been shown
in testbeds like X5G [42], [43], which uses NVIDIA Aerial
to offload physical layer tasks, improve performance through
parallel processing, and enable AI/ML-based optimization.

Compatibility with standardized interfaces. To integrate
MAREA’s xApps and dApp with existing O-RAN components,
their functionalities need to be adapted so that their input
and output data match the O-RAN standardized APIs. This
involves adjusting data formats and ensuring they can interact
with the E2 interface for real-time radio resource control [23],
[24], [44], [45].

Access to Licensed Spectrum. Access to licensed spectrum
is one of the key challenges in integrating MAREA into
a commercial O-RAN platform. Obtaining licenses for 5th
Generation (5G) frequency bands is often complicated due
to regulatory restrictions. However, in some countries, certain
frequency bands, such as those in the 3.5 GHz range, have
been partially allocated for industrial and research use, offering
more flexibility for testing [46]. These frequency allocations,
available through regulatory sandboxes or collaborative testbed
initiatives [47], could enable more adaptable experimentation.

VII. RELATED WORKS

Several studies have explored radio resource allocation in
networks where enhanced Mobile Broadband (eMBB) and
uRLLC services coexist, leveraging puncturing to minimize
uRLLC packet transmission delay. Bairagi et al. [48] formulate
an optimization problem to maximize the minimum expected
eMBB rate while ensuring efficient uRLLC allocation. Their
approach combines Penalty Successive Upper Bound Mini-
mization (PSUM) for eMBB scheduling with a Transportation
Model (TM) for uRLLC, improving fairness and minimum
achieved rates. Similarly, Alsenwi et al. [49] propose a risk-
sensitive slicing framework that optimizes eMBB puncturing
probability while maintaining reliability. Their method models
the tail distribution of eMBB rates and employs convex relax-
ation for iterative optimization. For a comprehensive review
of uRLLC puncturing, see [38]. However, these works do not
address networks with only uRLLC services or integrate O-
RAN architectural constraints.

Other authors have addressed radio resource allocation in
networks with multiple uRLLC services. In the context of O-
RAN, Abedin et al. [50] propose an actor-critic framework
to minimize the probability of Internet of Things (IoT) de-
vices exceeding an age of information threshold, though it
overlooks air interface transmission delay. Karbalaee et al.
[51] introduce an iterative algorithm for joint radio resource

and power allocation, while Rezazadeh et al. [52] address the
problem via federated learning—both focusing primarily on
average delay. Polese et al. [53] evaluate Deep Reinforcement
Learnning (DRL) agents within a non-RT control loop in O-
RAN. Despite their contributions, these works lack details on
multi-time-scale control loop interactions.

Non-RT and near-RT solutions often rely on queuing theory
to model packet transmission delay [54]–[56], but these mod-
els only yield average values under complex arrival and chan-
nel capacity distributions. Alternatively, some works [7]–[9]
use SNC to estimate a delay bound W of type P[w > W ] < ε,
where w is the delay and ε a target tolerance. However,
they do not account for multiple uRLLC services or cross-
interference. In [10], we proposed an SNC-based controller for
planning multiple uRLLC services, but it assumes dedicated
resources, potentially leading to inefficiencies, and is limited
to Poisson batch arrivals. Recently, we introduced an O-RAN-
compliant framework based on a novel SNC model for multi-
service uRLLC allocation [11], incorporating real traffic and
capacity metrics. However, SNC-based delay bounds often
deviate significantly from actual values, restricting the number
of deployable services. Martingale queueing methods have
demonstrated significantly improved delay bound estimations.
Poloczek and Ciucu derive tight stochastic delay bounds for
Markovian sources over ALOHA and CSMA/CA [13], [14],
while Zhao et al. optimize delay and energy efficiency in
Machine Type Communication (mMTC) using differentiated
ALOHA [15]. Other works analyze end-to-end delay in multi-
hop networks [57] and multiplexing of uRLLC and eMBB
traffic using reconfigurable intelligent surfaces [17]. Yu et
al. propose frameworks for bandwidth abstraction and net-
work reliability under strict latency constraints [58]. Despite
their advancements, these studies assume well-known traffic
distributions (Poisson, Bernoulli, or Markov on-off), limiting
their applicability to real-world traffic patterns with arbitrary
distributions.

Considering RT solutions, [35], [59], [60] use schedulers
based on EDF to assign priorities to packets based on their
deadlines. EDF ensures the packets with the earliest deadline
are transmitted first. However, EDF does not consider the
probability the packet transmission delay exceeds a delay
budget [61]. Other solutions such as [62]–[64] rely on ML
models. Although they are effective in managing scenarios
with intricate traffic patterns and channel conditions, their
performance is primarily reliant on the similarity between the
measured patterns and those used during training.

O-RAN specifications mention a RT control loop for opti-
mizing tasks such as packet scheduling or interference recog-
nition [65]. However, at the moment of writing this paper,
such a control loop has not been defined. In the same row, the
authors of [6] introduce the concept of dApps to implement
fine-grained RT control tasks. Despite implementing a proof-
of-concept, they omit to detail how multiple uRLLC services
can be orchestrated in a RT scale, and how the near-RT control
loop interacts with the dApps.
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VIII. CONCLUSIONS

In this paper, we tackled the challenge of implement-
ing efficient multi-time-scale control loops in O-RAN-based
deployments for uRLLC services. We introduced MAREA,
an O-RAN-compliant framework specifically designed to ad-
dress the radio resource allocation problem at both near-
RT and RT scales. Central to our approach is the use of
a novel Martingales-based model, to accurately compute the
required number of guaranteed RBs per service, ensuring
that the violation probability—i.e., the probability that packet
transmission delays exceed a predefined threshold—remains
below the target tolerance. An additional key innovation in
MAREA is the integration of an RT control loop, which
continuously monitors the transmission queues of each service
and dynamically adjusts the allocation of guaranteed RBs to
address traffic anomalies in real time. Through extensive sim-
ulation, MAREA demonstrated significant improvements over
existing solutions, achieving an average violation probability
that is ×10 lower than reference methods. This highlights
the potential of our framework to enhance the reliability and
efficiency of O-RAN-based uRLLC deployments, making it a
promising approach for future networks.

REFERENCES

[1] P. Popovski et al., “Wireless Access for Ultra-Reliable Low-Latency
Communication: Principles and Building Blocks,” IEEE Netw., vol. 32,
no. 2, pp. 16–23, 2018.

[2] B. Tang, V. K. Shah, V. Marojevic, and J. H. Reed, “AI Testing
Framework for Next-G O-RAN Networks: Requirements, Design, and
Research Opportunities,” IEEE Wirel. Commun., vol. 30, no. 1, pp. 70–
77, 2023.

[3] A. S. Abdalla, P. S. Upadhyaya, V. K. Shah, and V. Marojevic, “Toward
Next Generation Open Radio Access Networks: What O-RAN Can and
Cannot Do!” IEEE Netw., vol. 36, no. 6, pp. 206–213, 2022.

[4] M. Polese, L. Bonati, S. D’Oro, S. Basagni, and T. Melodia, “Un-
derstanding O-RAN: Architecture, Interfaces, Algorithms, Security, and
Research Challenges,” IEEE Commun. Surv. Tutor., pp. 1–1, 2023.

[5] L. Zanzi, V. Sciancalepore, A. Garcia-Saavedra, H. D. Schotten, and
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