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The evolution toward 6G networks necessitates a shift toward fully-automated, Al-native,
and zero-touch operational solutions to handle unprecedented network complexity. Within
the Open RAN (O-RAN) architecture, the near-Real-Time RAN Intelligent Controller
(near-RT RIC) plays a pivotal role in hosting third-party xApps for radio resource
management. However, the deployment of multiple xApps from different vendors often
leads to operational conflicts, such as overlapping control commands and resource
competition, which can degrade network performance. This paper addresses this challenge
by proposing an ML-driven network orchestrator specifically designed for conflict detection
and resolution in a multi-xApp 6G O-RAN environment. Our framework utilizes advanced
machine learning techniques to autonomously identify potential steering conflicts and
execute resolution strategies in real time. Experimental results demonstrate that the
ML-driven orchestrator effectively mitigates performance degradation caused by xApp
collisions, maintaining high-fidelity service delivery even under dense traffic conditions. This
study contributes to the realization of self-optimizing 6G networks by providing a scalable
and resilient orchestration logic for future autonomous RAN operations.

Keywords: 6G O-RAN, ML orchestration, multi-objective utility optimization, near-RT RIC,
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1. INTRODUCTION

The transition from fifth-generation (5G) to sixth-generation (6G) networks marks a
fundamental paradigm shift from Al-assisted functionalities to Al-native orchestration,
where intelligence is an intrinsic component of the Radio Access Network (RAN) [1, 2, 3].
Unlike previous generations that relied on predefined procedures and static resource
allocation, 6G is envisioned as an advanced, adaptive, and fully cognitive platform
requiring sophisticated orchestration across communication, sensing, and computation
layers. Central to this vision is the “Al orchestrator,” an entity composed of connected,
task-specific algorithms designed to manage the network end to end by dynamically
allocating radio resources and adapting configurations in real time [4]. This evolution is
supported by an industry-wide shift toward virtualization and cloud-native network
functions, establishing the flexibility needed for integrating emerging technologies.
Specifically, the Open RAN (O-RAN) perspective emphasizes disaggregating network
components and implementing open interfaces to foster a dynamic, programmable
RAN environment essential for meeting 6G’s stringent requirements [5]. At the heart
of the O-RAN architecture lies the near-Real-Time RAN Intelligent Controller (near-RT
RIC), a pivotal logical function that hosts third-party xApps to execute Radio Resource
Management (RRM) decisions within control loops of 10 ms to 1 s [6, 7]. In this study, we
propose an ML Orchestrator (MLO) strategically positioned as an intelligent interceptor
layer between xApps and the near-RT RIC core.
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The system’s monitoring and control capabilities are stan-
dardized through O-RAN service models. The E2SM Key
Performance Measurement (KPM) service model enables
reporting critical metrics, such as throughput and latency,
from the gNodeB (gNB) to the RIC [8]. Our MLO lever-
ages these metrics for real time situational awareness.
For control execution, the E2SM RAN Control (RC) ser-
vice model facilitates procedures like handover control
and resource allocation [9]. By intercepting control mes-
sages, the proposed framework identifies and resolves
operational conflicts in multi-vendor xApp deployments,
ensuring stable performance.

The disaggregated nature of O-RAN, while promoting
vendor neutrality, introduces significant challenges re-
garding xApp-level conflicts. Theoretical frameworks
categorize these interactions into direct conflicts involv-
ing parameter collisions, indirect conflicts characterized
by Key Performance Indicator (KPI) interference, and
implicit conflicts arising from shared resource competi-
tion [10, 11]. To date, the literature has predominantly
proposed low-latency, rule-based mitigation strategies
leveraging Service Level Agreements (SLAs) and Quality
of Service (QoS) thresholds [10]. However, the complex-
ity of 6G necessitates advanced, explainable machine
learning frameworks capable of evaluating causal rela-
tionships between RAN Control Parameters (RCPs) and
KPIs. Static solutions that lack fine-grained analysis
of RCP impacts remain insufficient for autonomous 6G
orchestration [12, 13, 14].

Recent research has explored advanced machine learning
architectures to overcome these limitations. For instance,
knowledge distillation can synthesize the intelligence
of multiple pretrained xApps into a single “student”
model, minimizing operational outages during concur-
rent deployment [13]. Additionally, data-driven methods
utilizing Graph Convolutional Networks (GCNs) show
promise in predicting conflict types by capturing complex
topological interdependencies between network entities
[15]. Furthermore, context-aware mitigation frameworks
employing Reinforcement Learning (RL), such as the
Advantage Actor-Critic (A2C) algorithm, have been pro-
posed to reconcile competing XxApp actions based on real
time network variables without requiring retraining [16].
Despite these advancements, achieving seamless inte-
gration for real time multi-vendor coordination within
a unified 6G orchestration layer remains a critical chal-
lenge.

To address these hurdles, this paper presents contribu-
tions developed within the framework of the 6G-SMART
project, which aims to revolutionize mobile network man-
agement through large-scale automation. The core of
the solution is a unified orchestration platform designed
to coordinate multiple ML algorithms for efficient au-
tomation. A central contribution is the development of
an open, pluggable ML Convergence (MLC) platform

that allows third-party developers to deploy Al-based
xApps in a harmonized and simplified manner. This
architecture specifically targets conflicting decisions that
arise from simultaneous model operations. By integrat-
ing MLC procedures into existing O-RAN near-RT RIC
specifications, the 6G-SMART framework provides a re-
silient foundation for autonomous, self-organizing 6G
networks [17].

A preliminary version of this work has been accepted
for presentation at ICT 2026 [18]. The present journal
article extends that conference version along several
axes. Architecturally, we formalize the orchestrator as
an open, pluggable MLC platform that decouples third-
party xApps from the near-RT RIC through a northbound
RESTful API and a southbound E2 protocol-translation
layer, presenting itself as a “Virtual RIC” to applica-
tions. The data acquisition campaign is enlarged to
300 independent simulation seeds, totaling 15000s of
high-fidelity network telemetry. Analytically, we move
from a single-event illustration of conflict resolution to
an aggregate statistical analysis over 521 detected con-
flicts, reporting the inter-xApp interaction distribution,
the resolution-outcome split between modification and
complementary application, the per-KPI improvement
profile of the MLO-enabled architecture, and a predictive-
fidelity benchmark of the orchestrator’s KPI forecasts
against ns-3 ground truth. The journal version further
contributes a standardized mapping of RAN control pa-
rameters to E2SM-RC service styles and action identifiers,
an expanded background and related-work treatment of
the xApp conflict taxonomy, and a more detailed physical-
layer modeling description that includes a three-layer
hybrid propagation model, Uniform Planar Array (UPA)
antenna configurations, and dynamic beamforming-gain
computation. Material that is reused from the conference
version, namely the proactive decision algorithm, the
multi-objective utility formulation, the XGBoost training
pipeline, and the Node-002 micro-event case study, is
retained in expanded form and explicitly identified as
such throughout the manuscript.

The experimental validation in this paper is conducted
at 3.5 GHz (FR1) with a 100 MHz channel, the mid-band
configuration that currently anchors the majority of com-
mercial multi-vendor O-RAN deployments and consti-
tutes the spectrum baseline from which early-6G systems
are expected to evolve. FR1 is therefore the most oper-
ationally representative setting in which to validate an
Al-native, multi-vendor orchestration architecture today.
The MLO itself operates at the E2SM-RC control-message
layer and is decoupled from carrier-frequency-specific
assumptions, so the architectural contribution applies
equally to upper-mid-band (FR3) and mmWave (FR2)
deployments that 6G is expected to incorporate; quantita-
tive validation of the MLO under those bands is identified
as a planned extension of this work.

146 © International Telecommunication Union, 2026



Kurtulan et al.: ML-driven network orchestrator for 6G O-RAN: Resolving multi-xApp conflicts in near-RT RIC

2. BACKGROUND AND RELATED WORK

2.1  O-RAN near-RT RIC and service models

The O-RAN architecture promotes network programma-
bility and openness by centralizing radio resource man-
agement through the near-RT RIC [6]. Within this ecosys-
tem, the interaction between third-party applications
(xApps) and the underlying RAN is standardized via
E2 Service Models (E2SM) over the E2 interface. Two
critical service models form the technical foundation of
this study:

E2SM Key Performance Measurement (KPM): This
model is essential for monitoring the network state by
enabling the collection of performance metrics from E2
nodes, such as the gNodeB (gNB). KPM utilizes the RIC
INDICATION message structure to provide a continuous
stream of telemetry [8]. Specifically, the RIC INDICA-
TION HEADER identifies the reporting s ource, while
the RIC INDICATION MESSAGE carries high-fidelity
measurements including throughput, packet delay, and
cell load. These data points serve as the primary features
for the MLO’s proactive decision-making process.

E2SM RAN Control (RC): This model provides the mech-
anism for the near-RT RIC to execute functional changes
on the network [9]. Control commands generated by
XApps are transmitted to the E2 node via the RIC CON-
TROL REQUEST message. This message structure con-
sists of a CONTROL HEADER, which specifies the target
parameters, such as transmission power, antenna tilt, or
handover thresholds, and a CONTROL MESSAGE that
contains the specific action instructions.

The proposed MLO strategically intercepts these stan-
dardized RIC INDICATION and RIC CONTROL RE-
QUEST messages. By processing these messages within
the MLC platform, the orchestrator evaluates the im-
pact of control commands in conjunction with real time
KPM data, identifying and resolving operational conflicts
before they are committed to the RIC core.

2.2 Taxonomy of xApp conflicts

The disaggregated architecture of Open RAN allows
multiple XApps to operate simultaneously; however, this
architectural flexibility introduces significant challenges
regarding operational conflicts [10]. According to the
O-RAN technical specifications and current literature,
these conflicts are classified into three primary categories:
direct, indirect, and implicit conflicts.

Direct conflicts: These occur when two or more XApps
attempt to modify the same RCP of a specific E2 node at
the same time. For instance, if an energy-saving XApp

and a Mobility Robustness Optimization (MRO) xApp
simultaneously attempt to adjust the transmission power
of the same cell, the conflicting commands can lead to
network instability or failure of the intended optimization
[11].

Indirect conflicts: An indirect conflict arises when multi-
ple xApps modify different RCPs that eventually influ-
ence the same KPI. A typical example involves one xApp
adjusting antenna tilt while another modifies handover
thresholds; although the parameters are distinct, both ac-
tions impact the handover success rate and cell coverage,
potentially leading to suboptimal performance [10].

Implicit conflicts: These conflicts occur when xApps
compete for limited shared resources, such as hardware
processing power or Physical Resource Blocks (PRBs),
without necessarily targeting the same control parame-
ters. Such resource competition can degrade the perfor-
mance of all active applications if not properly orches-
trated.

Defining this taxonomy is essential for d eveloping ro-
bust mitigation strategies, as rule-based solutions often
struggle to account for the complex interdependencies
and hidden correlations inherent in 6G multi-vendor
environments.

2.3 Literature review and research gap

In recent years, research focus has shifted toward ad-
vanced Machine Learning (ML) architectures to overcome
the inherent limitations of conventional rule-based con-
flict mitigation frameworks. One prominent approach in
the literature is “knowledge distillation,” which aims to
synthesize the intelligence of multiple pretrained xApps
into a single “student” model [13]. While this method
reduces the risk of operational outages, it significantly
restricts the “plug-and-play” flexibility and modularity
promised by O-RAN, as the integrated model requires
extensive retraining whenever a new xApp is introduced
to the network.

Alternatively, data-driven methods utilizing Graph Con-
volutional Networks (GCNs), such as the GRAPHICA
framework, have demonstrated significant potential in
conflict p rediction b y c apturing c omplex topological

relationships and interdependencies between various
network entities. However, the high computational com-
plexity associated with GCN models poses a challenge
for implementation under the microsecond-level near-
Real-Time (near-RT) constraints required by 6G ecosys-
tems [15]. Reinforcement Learning (RL)-based strategies,
particularly context-aware schedulers employing the Ad-
vantage Actor-Critic (A2C) algorithm, have also been
proposed to coordinate xApp actions according to dy-
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namic network states. Nevertheless, RL-based solutions
often face convergence issues and prolonged training
periods, which may lead to instability in highly dynamic
network environments [16].

Furthermore, explainable ML (XAI) and causal inference
techniques have been leveraged to analyze the underly-
ing relationships between RCPs and KPIs. Despite their
analytical depth, most of these studies remain evaluation-
centric and lack a proactive, real time intervention mecha-
nism. The fundamental research gap in existing literature
is the absence of a low-latency orchestration layer that
maintains modularity through an “interceptor” archi-
tecture while proactively maximizing a multi-objective
utility function within a narrow 200 ms window. In align-
ment with the 6G-SMART vision, this study addresses
this gap by integrating high-speed XGBoost predictors
within a centralized orchestrator to provide real time,
scalable, and conflict-free network management.

3. PROPOSED SYSTEM ARCHITECTURE

3.1 MLC platform and interceptor layer

The core of our proposed architecture is the MLC plat-
form, a high-performance middleware designed to decou-
ple third-party applications (xApps) from the underly-
ing Near-Real-Time RAN Intelligent Controller (near-RT
RIC), as shown in Fig. 1. Unlike traditional O-RAN de-
ployments where xApps establish direct E2 sessions with
the RIC core, our framework introduces a control plane
abstraction layer. Within this layer, the MLO serves as
an intelligent proxy, presenting itself as a “Virtual RIC”
to the xApps.

Architectural decoupling via northbound RESTful API:
To ensure vendor neutrality and reduce the computa-
tional overhead on the xApp side, the MLC platform
exposes a high-throughput northbound RESTful APL
xApps are configured to target the MLC’s IP address
instead of the physical near-RT RIC. This “RIC-agnostic”
approach allows xApps to subscribe to network metrics
and submit RAN Control (RC) requests using standard-
ized JSON-based REST calls. This architectural shift
significantly simplifies the xApp development lifecycle,
as developers are no longer required to implement com-
plex ASN.1 encoding or manage raw E25M (KPM/RC)
message stacks.

Proactive interception and protocol translation: The
MLO module functions as a sophisticated interceptor
that manages the end-to-end signaling flow. When an
XApp initiates an E2 setup or a subscription request, the
MLO captures the intent via the REST interface. For the
southbound communication, the MLO acts as a proto-
col translator; it encapsulates the validated optimization

intents into standardized RIC CONTROL REQUEST mes-
sages and transmits them to the southbound near-RT RIC
(e.g., FlexRIC) via the E2 interface. This centralized in-
terception ensures that no control command is executed
on the RAN without first passing through the MLO'’s
proactive conflict resolution logic.

High-performance infrastructure and feature caching;:
To meet the stringent 6G latency requirements, the entire
MLC platformis deployed on a 128-core high-performance
server. To achieve near-zero latency in data preparation,
the MLO implements an in-memory feature store. This
cache continuously aggregates E2SM KPM telemetry, re-
ceived from the RIC at 100 ms intervals, and maintains
a history of lag values for each network metric. Con-
sequently, the features required for the XGBoost-based
prediction models are always “Inference-Ready” in the
cache. This eliminates the preprocessing bottleneck, al-
lowing the orchestrator to immediately trigger parallel
utility evaluations as soon as the decision window closes.

3.2 Proactive decision windowing and conflict
labeling

The MLO implements a time-slotted aggregation mecha-
nism to handle the asynchronous and overlapping nature
of xApp control requests. This mechanism serves as the
temporal boundary for transforming independent re-
quests into a collective optimization problem.

Temporal aggregation and windowing logic: While
network telemetry is retrieved via E2SM KPM every
100 ms, the MLO utilizes a 200 ms fixed-windowing strat-
egy to balance near-RT responsiveness and concurrent
xApp conflict observability. Shorter aggregation win-
dows reduce the probability of capturing overlapping
control requests, whereas significantly longer windows
may introduce stale network-state evaluations and de-
layed orchestration responses. During this interval, the
MLO buffers all incoming REST-based requests instead
of forwarding them immediately. This transition from a
reactive “First-Come-First-Served” model to a proactive
holistic model allows the orchestrator to label the entire
set of received actions as a “Potential Conflict Group.”

Conflict labeling: Once the window expires, the MLO
identifies the number of distinct requests (NN) targeting
different or overlapping RCPs. By treating every con-
current request set as a potential collision, the system
remains robust against both direct conflicts (parameter
collisions) and indirect conflicts (KPI interference).

Stability-aware cooling mechanism: To prevent control-
plane oscillations, any xApp request rejected during the
resolution phase is placed into a 5s cooling window.
During this lockout period, the MLO blocks identical
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Figure 1 - ML-driven 6G O-RAN system architecture

submissions from the rejected xApp, allowing the net-
work sufficient time to reach a steady state and mitigating
high-frequency “Ping-Pong” effects in parameter tuning.
The selected cooling duration is aligned with the proac-
tive 5s KPI prediction horizon of the MLO framework,
ensuring that the impact of previously applied control ac-
tions can be sulfficiently observed before new conflicting
requests are reconsidered.

3.3 MLO internal workflow and parallel infer-
ence

The internal workflow of the MLO is engineered to trans-
form “Potential Conflict Groups” into optimized, conflict-
free network configurations through a high-speed, paral-
lelized decision-making phase.

Combinatorial action space evaluation: Upon the clo-
sure of the decision window, the MLO evaluates the
entire combinatorial space of 2N possible scenarios. To
meet the strict latency requirements of near-RT control,
the architecture leverages a 128-core server infrastruc-
ture, enabling fully parallel inference. The computational
complexity of this evaluation phase is O(2N - M), where N
is the number of concurrent xApps and M is the number
of KPI prediction models (M = 5 in this study). For the
evaluated N = 3 configuration, this yields 2% x 5 = 40
parallel XGBoost inference calls; the measured end-to-
end decision latency for this configuration is 76 ms, well
within the near-RT RIC control loop budget of 1 s. Em-
pirical scaling measurements for larger N values (e.g.,
N € {6,9}) constitute a planned extension of this work.

Predictive utility selection: The orchestrator utilizes a
multi-objective predictive engine to estimate the impact
of each action combination on the network’s KPIs. The
MLO selects the specific set of actions that yields the high-
est predicted global utility. The detailed mathematical
formulation of the utility function and the underlying
XGBoost prediction models are presented in Section 5.

Standardized execution: Once the optimal combination
is identified, the winning actions are mapped to the stan-
dardized E2SM-RC format. These optimized commands
are then transmitted to the FlexRIC southbound interface
for immediate execution in the RAN. If the “All-Apply”
scenario produces the maximum score, it indicates a com-
plementary relationship between requests; otherwise,
conflicting requests are suppressed to protect the overall
system utility.

4. DATA ACQUISITION AND ML MODELING

4.1 Large-scale scenario generation

To provide a robust and high-fidelity dataset for the MLO,
a large-scale data acquisition campaign was conducted
using the ns-3.42 discrete-event network simulator. The
simulation environment was specifically designed to cap-
ture the causal impact of RAN parameter modifications
on KPIs within a dynamic multi-cell environment.

Network topology and simulation setup: The exper-
imental setup consists of a two-cell (2-gNB) topology
serving a dense cluster of 60 User Equipment (UE)
devices. The network operates on a millimeter-wave
(mmWave) spectrum, utilizing the ns3: :mmWaveHelper
to simulate realistic channel conditions. Each UE is con-
figured with a Constant Bit Rate (CBR) traffic model via
UdpClientHelper, ensuring a continuous and stable data
load that allows the ML models to isolate performance
variations caused specifically by radio parameter tuning
rather than traffic volatility.

Heterogeneous mobility profiles: To reflect a realistic
and changing network state, the 60 UEs are partitioned
into three heterogeneous mobility profiles, ensuring the
dataset covers diverse operational conditions.

Temporal dynamics and dataset scale: Each simulation
run spans a duration of 60 s, and the data acquisition
process is repeated across 300 unique RNG seeds ded-
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icated exclusively to offline ML model training. To
eliminate potential data leakage, all telemetry generated
from these 300 seeds was reserved solely for XGBoost
training, validation, and hyperparameter tuning. The
resulting dataset provided approximately 18 000 s of op-
erational network telemetry with 100 ms KPM reporting
granularity. An additional set of 200 previously unseen
simulation seeds is separately generated and reserved
exclusively for testing purposes.

To handle the computational load of large-scale scenario
generation, a Python-based parallel execution framework
was deployed on a 128-core server infrastructure. This
setup enabled the concurrent execution of isolated ns-3
simulation instances, significantly accelerating dataset
generation while preserving deterministic seed isolation
and reproducibility across all experiments.

Exploratory parameter perturbation (random walk):
To train the XGBoost models on the sensitivity of KPIs
to control actions, a stochastic parameter perturbation
strategy was implemented. Every 5s (matching the
orchestrator’s decision horizon), the system applies a
single-step change to one of the following RCPs:

e Transmission power (TxPower): Perturbed in steps of
+4 dBm within the [30.0,46.0] dBm range.

e Antenna tilt (e-Tilt): Adjusted in steps of +£2.5° within
a [5.0,15.0]° range.

e A3offset: Selected from a discrete set of values {—3, 0, 3} dB,

with constraints to prevent simultaneous —3 dB con-
figurations across both cells to maintain handover
stability.

4.2 Feature engineering and metric prediction
with XGBoost

To capture the complex, non-linear dependencies be-
tween RAN configurations and network performance,
raw telemetry from ns-3 simulations is transformed into
a high-dimensional feature space. The pipeline resam-
ples raw logs into a uniform 0.1s (10 Hz) temporal grid,
ensuring precise synchronization across all simulation
seeds.

Temporal feature architecture: The MLO utilizes a multi-
layered temporal history to inform its predictions, rather
than relying on isolated snapshots. The feature set, com-
prising exactly 211 engineered indicators, is structured
as given below.

e Lagged and rolling observations: To capture immedi-
ate trends and long-term stability, the model incorpo-
rates lagged features at 0.1s (Lagl), 0.5s (Lag5), and
1.0s (Lagl0) intervals. Additionally, a 5.0s rolling
window is applied to compute moving averages and

standard deviations, providing a broader context of
network load patterns.

e Momentum and derivative features: First-order dif-
ferences (A) and momentum indicators are calculated
to detect rapid fluctuations in SINR and throughput,
enabling the model to distinguish between transient
noise and persistent network trends.

Prediction target definition: The prediction target is
defined as the forward rolling mean over the next 50
steps (5s). Rather than attempting to predict a noisy,
instantaneous KPI value at a single future point, the
model estimates the average performance expected over
the upcoming 5s interval. This approach ensures that
control actions are optimized for sustained network util-
ity, aligning with the proactive stability requirements of
the O-RAN ecosystem.

4.3 Model training and offline validation

The ML pipeline utilizes extreme Gradient Boosting (XG-
Boost), selected for its superior performance on struc-
tured tabular data and its ability to maintain high predic-
tion accuracy under strict inference latency constraints.

Seed-based validation and symmetrization: To ensure
robust generalization, a seed-based (run-isolated) split
strategy is employed. The 300 unique simulation seeds
are partitioned into an 80/20 train-test ratio. Crucially, all
timesteps belonging to a specific simulation seed are kept
together in either the training or testing set, preventing
“temporal leakage” and ensuring that the model is tested
on entirely unseen network scenarios.

Training strategy: The models are trained using 5-fold
GroupKFold cross-validation, with simulation Run-IDs
serving as the grouping criteria to maintain strict iso-
lation between folds. The XGBoost configuration uti-
lizes a max_depth of 7 to capture high-order interactions
and a conservative learning_rate of 0.05 to ensure sta-
ble convergence. The training process is highly opti-
mized through multi-threaded parallelization, allowing
for rapid model iteration without compromising predic-
tion fidelity.

5. CONFLICT RESOLUTION LOGIC AND
UTILITY FUNCTION

5.1 Multi-objective utility function design

The MLO utilizes a multi-objective utility function to
aggregate various network performance indicators into
a single scalar value for optimal decision-making. This
function acts as the optimization engine, enabling the
MLO to evaluate 2V action combinations and select the
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Table 1 - Performance metrics of XGBoost models for KPI prediction

Target metric CVavg. RMSE CVavg. R? Test RMSE
Active UEs in cell 1 (count) 1.51 0.94 1.41
Active UEs in cell 2 (count) 1.52 0.94 1.41
Global avg. throughput (kbps) 254.28 0.78 272.66
Global avg. latency (ms) 0.01 091 0.01
Global avg. SINR (dB) 0.48 0.92 0.78
Global avg. handover event (count) 0.12 0.76 0.15
Global avg. ping-pong event (count) 0.10 0.79 0.13

configuration that maximizes the overall network util-
ity. The contribution of this study lies in integrating
predictive utility evaluation into a proactive near-RT
orchestration framework, where concurrent xApp ac-
tions are jointly evaluated using ML-predicted future
KPI states prior to execution.

Metric selection and causal foundation: The selection of
the utility components is grounded in the causal analysis
of RCP dependencies. Research indicates that physi-
cal layer parameters, such as transmission power (Tx-
Power) and antenna tilt, exhibit direct causal impacts
on SINR and throughput. Specifically, explainable ML
tools like SHAP have demonstrated that TxPower is a
dominant driver for throughput and spectral efficiency.
Simultaneously, mobility parameters like the A3 offset
are identified as primary drivers for handover stabil-
ity and the occurrence of ping-pong effects in dynamic
multi-cell environments [12]. Based on these established
relationships and grounded in collaboration with domain
network experts, the framework defines five key metrics
for the utility function: global throughput, average SINR,
network latency, ping-pong rate, and load imbalance.

Mathematical formulation and normalization: The total
utility (Uiotar) is calculated as a weighted sum of normal-
ized KPI predictions generated for the next 5s horizon.
The multi-objective utility expression defined in (1) is for-
mulated in the present work as a weighted aggregation
over the predicted KPI components.

5
Uiotal = Z w; * §i (1)
im1

To handle varying units and scales, each predicted KPI
(#:) is normalized within a [0, 1] range. For “higher-is-
better” metrics such as throughput (Th) and SINR, the
normalized value is used directly. Conversely, for “lower-
is-better” metrics, specifically latency (Lat), ping-pong
count (PP), and load imbalance (LB), an inversion logic
is applied to ensure that a reduction in these negative
indicators contributes positively to the total utility, as
givenin (2).

U = wi Th+w, SINR+ws Latjny + w4 PPy +ws LBiny (2)

Weighting policy and intent-driven flexibility: The
MLO framework is intrinsically intent-driven, allow-
ing network operators to dynamically adjust weightings
based on real time priorities. This modularity enables
prioritizing stability by increasing w; and ws during
high-mobility scenarios to mitigate xApp conflicts, or
adjusting weights to meet specific Service Level Agree-
ment (SLA) requirements for different network slices. In
the experiments reported in this paper, all five weights
are set to equal values (w1 = wy = w3 = wy = ws = 0.2),
reflecting a balanced, operator-neutral baseline.

In contrast to reactive utility evaluation approaches
based solely on instantaneous KPI observations, the
proposed framework performs utility estimation over
ML-predicted future network states within a proactive
5s decision horizon. This enables the MLO to evaluate
the potential impact of concurrent xApp actions before
execution and proactively suppress combinations that
are predicted to reduce the overall network utility.

5.2 Decision-making algorithm

The decision-making process of the MLO is designed to
transition from reactive parameter tuning to proactive,
utility-based optimization. The algorithm effectively
distinguishes between complementary and conflicting
XApp requests by evaluating their collective impact on
the network’s future state, as shown in Algorithm 1.

Conflict identification and resolution policy: A conflict
is formally defined as a scenario w here the simultane-
ous execution of multiple xApp actions leads to a lower
predicted global utility compared to the execution of a
subset of those actions or the maintenance of the current
state. Conversely, a non-conflict state occurs when the
“All-Apply” scenario, where every received request is
executed, yields the highest Uy, among all 2N combi-
nations. By prioritizing the combination that maximizes
the objective function, the MLO ensures that individual
xApp goals do not compromise the overall stability and
performance of the 6G cell.

Stability management and cooling window: To prevent
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oscillations from rapid resubmission by rejected xApps,
the MLO enforces a 5 s cooling window: Once an action
is rejected, the originating xApp cannot resubmit the
same request for 5s, allowing the network to settle on
the winning configuration. This interval is deliberately
matched to the XGBoost prediction horizon — the models
forecast the forward rolling mean over the next 5s (50
steps at 100 ms granularity). Issuing a new intervention
before this window elapses would override the previous
decision before its effects can be observed, violating the
model’s temporal assumptions and risking instability in
the control loop. A shorter window (e.g., 1-2s) would
therefore be inconsistent with the model design, while a
longer one (e.g., 10s) would only delay conflict resolution
without further benefit. Five seconds is thus the smallest
cooling interval consistent with the prediction horizon,
and prevents ping-pong effects in control signaling.

6. EXPERIMENTAL SETUP AND IMPLEMEN-
TATION

6.1 ns-3 and FlexRIC integration

The experimental evaluation of the proposed framework
is conducted using an integrated simulation environment
that combines the ns-3.42 network simulator with the
FlexRIC software-defined ¢ ontroller. This integration

is realized through the ns-O-RAN-flexric open-source

framework developed by Orange, which enables a high-
fidelity E2 interface simulation between the RAN nodes
and the near-RT RIC [19].

E2 interface and service model extensions: In this setup,
each base station (gNB) in the ns-3 environment oper-

Algorithm 1 Proactive conflict r esolution a nd utility
maximization

Input: Setof incoming xApp requests R, pretrained mod-
els M, current state S,
Output: Optimal action set A*
: A% Lopgt < 0
¢ Rogtig < {r € R| 1 ¢ Cig}
: Combinations < P(Roaiq) {Power set of requests}
: for all ¢; € Combinations do in parallel do
Yi — {My, ..., Ms}(Scur, ¢;) {Predict 5s KPIs}
U; « 215:1 w; - Normalize(?; )
Leyar-insert(U;, ¢;)
end for
: A* « argmax(Ley) {Select max utility}
cif A* C Roatid then

—_
o

11:  {Indirect/Implicit Conflict detected}

12:  forallr € (Ryyis \ A*) do

13: Ciist.add(r, duration = 5s) {Apply Lockout}
14:  end for

15: end if

16: return A*

ates an E2 agent that establishes a connection with the
FlexRIC southbound interface. To facilitate the testing
of conflict detection and resolution logic, we utilized the
existing E25M framework within the ns-O-RAN project
and specifically e nhanced t he f unctional m apping of
E25M-RC (RAN Control) messages.

While the standard framework provides the interface
for telemetry, we implemented specific control functions
within the ns-3 simulation core to handle and apply
parameter modifications received via FlexRIC. This in-
cludes the functional implementation of three core control
actions, as shown in Table 2.

The synchronization between FlexRIC and ns-3 ensures
that control messages issued through the E2SM-RC ser-
vice model are accurately reflected in the simulated phys-
ical and protocol layers, providing a realistic feedback
loop for evaluating xApp interactions in a virtualized
O-RAN environment [20].

6.2 Network configuration and physical layer
modeling

To provide a robust and high-fidelity evaluation envi-
ronment for the MLO, we designed a dense urban 6G
deployment using the ns-3 mmWave-LENA module.
The simulation framework is meticulously configured to
serve as a digital twin that accurately reflects the physical
dependencies between RCPs and KPIs.

The simulation operates on a center frequency of 3.5 GHz
(FR1) while leveraging the high-fidelity PHY/MAC stack
of the mmWave-LENA module. This hybrid approach
allows the testbed to utilize advanced phased-array mod-
eling and beam-forming capabilities of the mmWave
module within a sub-6 GHz spectrum. All channel pa-
rameters of the propagation model presented below —
including the path-loss exponent, the shadowing stan-
dard deviation, and the beamforming-gain calibration —
are configured for the 3.5 GHz Urban Micro-cell (UMi)
scenario rather than for mmWave bands; the mmWave-
LENA module is therefore reused as a high-fidelity
PHY/MAC and phased-array simulation engine, not as
a mmWave channel model. The system bandwidth is
fixed at 100 MHz, providing approximately 273 Physical
Resource Blocks (PRBs) under 15 kHz Subcarrier Spac-
ing (SCS). The Medium Access Control (MAC) layer
utilizes the MmWaveFlexTtiMacScheduler with Hybrid
Automatic Repeat Request (HARQ) enabled, ensuring
realistic frame-level latency and throughput dynamics.

A key differentiator of our simulation is the implemen-
tation of a three-layer hybrid propagation loss model,
which is critical for evaluating the impact of antenna
e-Tilt and transmission power adjustments. The total
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Table 2 — Mapping of RAN control parameters to E2SM-RC standard

Parameter E2SM-RC  E2SM-RC .
. . Description
name service style action ID
NR DL TX power 2 10 Adjusts the downlink transmission power of the gNB.
A3 offset 3 2 Modifies the offset value for event A3 to trigger handovers.
Antenna tilt 10 2 Updates the vertical downtilt angle of the phased-array antenna.

received power (Pyy) is calculated as a cumulative effect of
large-scale fading, stochastic shadowing, and directional
beamforming gains:

Py [dBm] = Py - LLD(d) — Xshadow + GBF(Gr (P) (3)

e Large-scale path loss (Layer 1): We utilize a log-
distance model representative of a dense urban Non-
Line-of-Sight (NLoS) environment. The path loss
Lip(d) at distance d is formulated as:

Lip(d) = 43.3 + 38 - log, ,(d) [dB] 4)

where the path loss exponent (n = 3.8) and the refer-
ence loss (Lo = 43.3dB at dy = 1 m) are derived from
standardized UMi measurements [21].

e Stochastic shadowing (Layer 2): To capture environ-
mental obstructions, a zero-mean log-normal shad-
owing component Xgpadow is applied with a standard
deviation of 0 = 7.0dB.

e Two-ray spectrum propagation (Layer 3): For physical
fidelity in beam-level coverage, we employ the two-
ray spectrum propagation loss model. Unlike scalar
models, this model computes the received power across
the full spectrum signal, facilitating the simulation of
ground reflection and phased-array gain matrices [22].

The antenna system is modeled using UPA for both
the gNBs and UEs, utilizing the ThreeGppAntennalodel
to implement a 65° Half-Power Beamwidth (HPBW)
element pattern.

e gNB configuration: Each cell is equipped with a 16 x 4
array (64 elements). The down-tilt angle attribute shifts
the bore-sight elevation of the array, allowing the MLO
to physically alter the cell coverage area.

e UE configuration: Each UE is equipped witha 2 X 2
array (4 elements) to simulate mobile beam forming
gain.

e Beam-forming execution: The MmWaveDftBeamforming
helper computes optimal steering weights w based on
periodic channel estimates [23]. The directional gain
Ggr for a steering vector a at azimuth ¢ and elevation
0 is expressed as:

Ger(6,9) = |[wH a(6, ¢)[* (5)

This gain is dynamically updated every 100 ms, directly
responding to changes in TxPower and tilt commands
issued by the MLO.

To test the resilience of the conflict resolution logic, we
deployed 60 UEs across a 1000 m x 400 m corridor with
an Inter-Site Distance (ISD) of 500 m. The mobility
distribution is tiered to represent a diverse urban traffic
environment [24].

The traffic model consists of a UDP/CBR downlink stream
per UE, with an offered load of 5 Mbps (1024-byte packets
at 1639 us intervals). This creates a high-interference
environment in which the MLO must jointly handle load
balancing and MRO.

6.3 Implementation of rule-based xApps and
conflict scenarios

In this study, we implemented three independent data-
driven xApps within the FlexRIC-enabled ns-3 environ-
ment. While the target 6G-SMART architecture and
the MLC pipeline ultimately envision fully autonomous
ML-driven xApps, the current evaluation intentionally
employs deterministic rule-based implementations to
provide controlled, reproducible, and interpretable con-
flict scenarios. The trigger thresholds and action logic of
each xApp were derived empirically from an exploratory
data analysis of 300 preliminary simulation runs (18 000 s
of network telemetry), ensuring that the rules reflect sta-
tistically grounded, network-improving decisions rather
than arbitrary heuristics. Since the proposed MLO frame-
work operates on incoming control intents and their pre-
dicted KPI impacts rather than the internal optimization
mechanisms of individual xApps, the orchestration work-
flow remains inherently decoupled from the underlying
decision-generation methodology, isolating the effective-
ness of orchestration and conflict-resolution logic from
stochastic variations, convergence behavior, or instability
originating from independently evolving optimization
agents.

We acknowledge that rule-based xApps exhibit deter-
ministic, predictable behavior that may not fully repli-

Table 3 — Heterogeneous mobility profile configuration

Mobility UE ns-3 mobility

group count Velocity model
Static UEs 20 0 km/h ConstantPosition
Pedestrian UEs 20 3-5km/h  RandomWalk2d

Vehicular UEs 20 36-72km/h ConstantVelocity
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cate the non-stationary dynamics of ML-driven xApps;
the observed conflict distribution (64.7% modification /
35.3% complementary) should therefore be interpreted
as a lower-bound characterization of the MLO’s conflict
detection capabilities under controlled conditions. Be-
cause the utility-based interceptor operates on observed
E25M-RC control messages rather than on internal xApp
logic, the architecture remains applicable to production
deployments employing online learning or adversarial
exploration strategies, although the absolute conflict rate
and resolution distribution may differ; evaluating the
MLO with ML-driven xApps is a planned extension of
this work within the broader 6G-SMART roadmap.

Threshold determination via statistical analysis: The
operational logic for all three xApps was derived from an
extensive preliminary data generation phase consisting
of 300 independent simulation runs. By analyzing the
distribution of signal quality, traffic load, and mobility
stability across 18 000 s of network activity, we identified
the statistical “elbow points” used to define the xApp
triggers.

6.3.1 Inter-site interference management xApp

e Metrics subscription: This xApp subscribes to real
time SINR and throughput telemetry streams from the
near-RT RIC.

e Controlled parameter: It modifies the NR DL TX
power (parameter ID: 1) to balance coverage and inter-
ference.

e Operational logic: The xApp triggers an emergency
power increase when signal degradation is detected
or executes an energy-saving reduction when channel
conditions are optimal, utilizing context-aware lookup
tables based on current power levels.

6.3.2 Inter-site traffic steering management

XApp

e Metrics subscription: This xApp monitors active UE
counts (Load) per cell and UE distance history to
evaluate spatial traffic distribution.

e Controlled parameter: It manipulates the antenna
e-Tilt angle to physically redirect traffic and manage
cell boundaries.

e Operational logic: The xApp focus is on load bal-
ancing; it increases tilt to narrow the beam on over-
saturated cells (user shedding) and decreases tilt to
expand coverage on under-utilized cells.

6.3.3 Ping-pong handover management xApp

e Metrics subscription: This XApp subscribes to han-
dover statistics, specifically the ping-pong rate calcu-
lated over a sliding temporal window.

e Controlled parameter: It optimizes the A3 offset (pa-
rameter ID: 7), which serves as the hysteresis margin
for mobility events.

e Operational logic: Upon detecting high instability,
the xApp increases the hysteresis margin to suppress
rapid, unnecessary handovers, or reduces it during
stable conditions to facilitate seamless UE mobility.

7. RESULTS

To evaluate the effectiveness of the proposed MLO frame-
work, an extensive experimental campaign was con-
ducted within a high-fidelity simulation environment.
The testing framework integrated the ns-3 network sim-
ulator with the FlexRIC near-RT RIC platform, enabling
the execution of the three specialized xApps under the
management of the MLO. The evaluation was performed
across 200 independent simulation seeds, each spanning
a duration of 50s. These 200 seeds are entirely disjoint
from the 300 seeds used for XGBoost training, yielding
a combined experimental footprint of 500 unique RNG
seeds with zero overlap, thereby precluding any possibil-
ity of data leakage between the training and evaluation
phases. This resulted in a comprehensive dataset of
10000s of active network telemetry, providing a statis-
tically significant basis for analyzing conflict resolution
efficiency, predictive accuracy, and overall utility gains
in a dynamic 6G environment.

7.1 Conflict detection and resolution statistics

Throughout the resulting 200 seeds observation period,
the MLO identified a total of 521 potential conflicts, occur-
ring within the defined decision windows. The resolution
outcomes for these potential conflicts are categorized into
two, as depicted in Fig. 2.

Conflict Resolution Outcomes (Total: 521)

Resolved by Applying All
(Complementary)

64.7%

Resolved by Modification
(Actions Dropped)

Figure 2 - Potential conflict distribution
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Inter-xApp Conflict Distribution and Prioritization

3501 335

1501 124

Number of Interactions
N
S
3

100 4 72

Handover (A3) vs
Interference (TX Power)

Interference (TX Power) vs
Traffic Steering (Tilt)

Handover (A3) vs
Traffic Steering (Tilt)

Figure 3 — Inter-xApp conflict distribution

¢ Resolved by modification (actions dropped): In 337
cases (64.7%), the orchestrator detected actual conflicts
where simultaneous execution would have compro-
mised system utility. In these instances, the MLO
intervened by dropping or modifying specific xApp
actions.

e Resolved by applying all (complementary): In 184
cases (35.3%), the requests were identified as comple-
mentary or safe for parallel execution, allowing the
orchestrator to apply the full set of proposed actions.

The Inter-xApp conflict distribution provides further
insight into the prioritization logic across the 521 detected
events, as shown in Fig. 3 and detailed below.

e Ping-pong handover management vs. inter-site traffic
steering management (335 interactions): This was
the most frequent interaction. When a choice was
required, the MLO prioritized the inter-site traffic
steering management xApp (antenna tilt) over the ping-
pong handover management xApp (A3 offset), with
tilt adjustments being 2.2x more likely to be retained
to preserve spatial load balancing.

o Inter-site interference management vs. inter-site
traffic steering management (124 interactions): These
interactions were found to be very balanced, with inter-
site traffic steering maintaining a slight prioritization
edge over the inter-site interference management xApp
(TX power control).

e Ping-pong handover management vs. inter-site in-
terference management (72 interactions): In mobility-
signal quality conflicts, the inter-site interference man-
agement xApp (TX power) was prioritized more often
than the ping-pong handover management xApp (A3
offset), addressing the root cause of signal degradation
rather than merely delaying the handover event.

7.2 Predictive performance and fidelity analy-
sis
The predictive fidelity of the MLO was evaluated by

comparing the performance forecasts generated during
the 521 conflict instances against the actual 5s ground-

Predictive Fidelity Analysis (ns-3 Actual vs. MLO Predicted)
Aggregate Forecasting Fidelity F=1- [y - y|ly

-~ Actual Value (ns-3)
W MLO Predicted

Metric Value (Log Scale)

0517

Throughput Load Balance Latency Stability Signal Quality TOTAL
(Mbps) (UE Dist.) (ms) (Ping-Pong) (SINR - dB) uTiLTY

Figure 4 - Predictive fidelity analysis graph

truth averages recorded in the ns-3 environment. Across
individual metrics, MLO demonstrated highly accurate
forecasting, achieving an exceptional 90.71% accuracy for
the total utility score (0.737 predicted vs. 0.812 actual), as
shown in Fig. 4. At the component level, the predictions
showcased remarkable precision for throughput (95.35%
accuracy; 4.029 Mbps predicted vs. 3.850 Mbps actual),
load balance (93.13% accuracy; 0.698 predicted vs. 0.750
actual), and network latency (91.92% accuracy; 1.261 ms
predicted vs. 1.167 ms actual). Even for highly dynamic
factors, stability and signal quality maintained strong
accuracies of 86.19% (0.517 predicted vs. 0.600 actual)
and 71.67% (13.55dB predicted vs. 10.56 dB actual), re-
spectively. This comparison validates that orchestrator
decisions are grounded in high-fidelity predictions, en-
suring temporal stability between the 200 ms decision
window and the subsequent network state.

7.3  Comparative performance analysis: MLO-
enabled vs. traditional architecture

To quantify the operational benefits of the proposed
framework, we conducted a controlled comparison be-
tween the MLO-enabled system and an uncoordinated
baseline. In the baseline configuration, XxApps operate
as independent silos without a centralized coordination
layer, resulting in unmanaged concurrent control actions;
this corresponds to the traditional deployment approach
in current multi-vendor O-RAN environments and cap-
tures the behavior the MLO is designed to improve upon.
The evaluation focuses on the average network perfor-
mance during the 5s post-conflict window following
each of the 521 detected conflict events. Benchmarking
against additional conflict-arbitration schemes from the
literature is planned as an extension of this work.

As demonstrated by the 200-seed simulation results, the
MLO-enabled architecture consistently outperforms the
traditional approach by preventing performance degra-
dation typically caused by xApp oscillations, culminating
inan overall +2.18% improvement in the total utility score
(0.8310 vs. 0.8092 baseline), as shown in Fig. 5. To confirm
that these gains are not attributable to stochastic simu-
lation noise, a two-tailed paired t-test was conducted
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KPI Improvements with MLO-Enabled System

Normalized Score

Signal Quality TOTAL
(SINR) uTILITY

Stability
(Ping-Pong)

Figure 5 — KPI improvements with the MLO-enabled system across
five components and the aggregate utility score

across the 200 independent seed pairs. The total util-
ity improvement is statistically highly significant (p <
0.001, 95% CI: [+1.74%, +2.62%]). The most dramatic
operational gains were observed in stability (ping-pong
rate) at +4.20% (0.8270 vs. 0.7850 baseline, p < 0.001),
and throughput at +3.10% (0.8730 vs. 0.8420, p < 0.001).
Other critical network components also exhibited con-
sistent positive gains over the baseline, including load
balance (+1.65%, p < 0.001), latency (+1.05%, p = 0.018),
and signal quality (+0.90%, p = 0.034, 95% CI: [+0.07%,
+1.73%]), demonstrating the effectiveness of centralized
conflict resolution.

7.4  Micro-level analysis of specific conflict sce-
nario

This scenario illustrates a direct operational conflict
at Node-002, where the inter-site interference manage-
ment XApp (requested TargetPower: 42.0) and the ping-
pong handover management xApp (requested A3_Offset:
—3dB) submitted simultaneous control requests. As
shown in Table 4, the MLO performed a 5-aspect com-
binatorial evaluation to determine the optimal action
set:

e Scenario evaluation: The joint execution of both
actions (C2_POWER + C2_A3) yielded a utility of
0.5370, whereas applying only the A3_Offset adjust-
ment (C2_A3) resulted in a superior utility score of
0.5910.

e The decision: To avoid a “Utility Gap,” the MLO
proactively rejected the TxPower request from xApp_1
and exclusively applied the handover optimization.

The impact of this orchestration is clearly visible in the
real time telemetry graphs (Fig. 6). Following the in-
tervention (marked by the red vertical line), the MLO-
enabled (orchestrator ON) system significantly diverges
from the traditional architecture. While the unman-
aged baseline (orchestrator OFF) suffered from SINR
degradation and increased handover oscillations, the
MLO-enabled system achieved a +8.51% gain in total

network utility. Specifically, this intervention resulted in
a +3.02% increase in throughput, a +9.30% improvement
in SINR, and a critical —16.45% reduction in ping-pong
handovers, validating the orchestrator’s ability to main-
tain high-fidelity performance during concurrent xApp
operations.
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Figure 6 — Performance metrics comparison

8. CONCLUSION

This paper presented a proactive ML Orchestrator (MLO)
designed as an intelligent interceptor layer within the
O-RAN Near-Real-Time RIC architecture, where decou-
pling third-party xApps from the RIC core through the
ML Convergence (MLC) platform allows for a successful
transition from reactive parameter tuning to proactive,
utility-driven orchestration. The proposed framework
remains inherently xApp-agnostic, as orchestration de-
cisions are performed over concurrent control intents
and their predicted KPI impacts rather than the internal
optimization methodology of individual xApps.

Extensive evaluation conducted within a high-fidelity
ns-3 and FlexRIC environment validates that the integra-
tion of high-speed XGBoost ensembles within a narrow
200 ms decision window is sufficient to capture and
forecast complex RAN dynamics over a multi-second
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Table 4 — Multi-objective utility evaluation for conflict resolution at Node-002

Action set Throughput Latency Stability Load balance SINR Total util (Uiotal) Status

POWER (xApp-1) 0.211 0.863 0.188 0.863 0.521 0.5100 Rejected

POWER + A3 (joint) 0.233 0.792 0.213 0.913 0.565 0.5370 Rejected

A3 (xApp-2) 0.267 0.738 0.248 0.952 0.624 0.5910 Applied
horizon, enabling the system to mitigate performance =~ REFERENCES

degradation before it occurs. Furthermore, the MLO-
enabled architecture effectively identifies and resolves
operational conflicts that would otherwise lead to net-
work instability by prioritizing physical layer reconfigu-
rations over logical parameter adjustments to maintain
superior spatial equilibrium in dense urban scenarios.
Compared to the traditional architecture, the proposed
framework demonstrates enhanced system-wide stability
and a significant reduction in control plane oscillations,
proving that proactive mitigation of mobility-related in-
stabilities and centralized orchestration are essential for
the reliability of multi-vendor 6G environments.

Empirical scaling measurements of the orchestrator’s
end-to-end decision latency for larger numbers of concur-
rent XApps (e.g., N € {6,9}) are planned as future work
to validate the O(2" - M) complexity behavior beyond
the N = 3 configuration evaluated in this study. Like-
wise, because the orchestrator operates at the E2SM-RC
control-message layer rather than on carrier-frequency-
specific channel models, the MLO architecture is inher-
ently carrier-frequency agnostic; quantitative evaluation
under upper-mid-band (FR3) and mmWave (FR2) de-
ployments, beyond the 3.5 GHz FR1 baseline studied
here, is identified as a planned extension of this work.

In summary, the 6G-SMART MLO framework provides
a resilient and scalable foundation for the Al-native or-
chestration required by autonomous 6G networks, with
future work extending this platform to support online
learning, adaptive optimization of orchestration param-
eters such as decision-window and cooling durations,
and evaluating its performance in large-scale hexagonal
deployments with heterogeneous network slices.
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