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ABSTRACT Open Radio Access Network (O-RAN) is transforming the telecommunications landscape by
enabling flexible, intelligent, and multi-vendor networks. Central to its architecture are xApps hosted on the
Near-Real-Time RAN Intelligent Controller (Near-RT RIC), which optimize network functions in real time.
However, the concurrent operation of multiple xApps with conflicting objectives can lead to suboptimal
performance. This paper introduces a generalized Conflict Management scheme for Multi-Channel Power
Control inO-RANxApps (COMIX), designed to detect and resolve conflicts between xApps. To demonstrate
COMIX, we focus on two Deep Reinforcement Learning (DRL)-based xApps for power control: one
maximizes the data rare across UEs, and the other optimizes system-level energy efficiency. COMIX employs
a standardized Conflict Mitigation Framework (CMF) for conflict detection and resolution and leverages the
Network Digital Twin (NDT) to evaluate the impact of conflicting actions before applying them to the live
network. We validate the framework using a realistic multi-channel power control scenario under various
conflict resolution policies, demonstrating its effectiveness in balancing antagonistic objectives. Evaluation
results show that COMIX achieves up to 60% energy savings across different Service-Level Agreement
(SLA) policies compared to a baseline conflict-unaware system, with negligible impact (around 3%) on
system throughput. While this study considers power control xApps, the COMIX framework is generalizable
and can be applied to any xApp conflict scenario involving resource contention or KPI interdependence.

INDEX TERMS 6G, conflict detection, conflict management, deep reinforcement learning, energy
efficiency, O-RAN, power control, resource management, xApp.

I. INTRODUCTION
A. OPEN RAN OVERVIEW
The Open Radio Access Network (O-RAN) architecture
represents a transformative approach to the design and
operation of radio access networks, emphasizing openness,
intelligence, and interoperability [1]. At its core, O-RAN
fosters a disaggregated architecture where components such
as the Radio Unit (RU), Distributed Unit (DU), and Central
Unit (CU) can be provided by different vendors, promoting
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a multi-vendor ecosystem. This vendor-agnostic framework
enables operators to deploy a flexible and cost-efficient
network by selecting the preferred components [2]. Central
to this architecture is the RAN Intelligent Controller (RIC),
which is divided into the Non-Real-Time RIC (Non-RT
RIC) and the Near-Real-Time RIC (Near-RT RIC). These
components host specialized applications—rApps on the
Non-RT RIC and xApps on the Near-RT RIC—which drive
network intelligence and optimization. rApps, with their long
timescales, provide strategic guidance, while xApps focus
on fine-grained adaptations to network dynamics in real
time. By enabling seamless integration of vendor-specific
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or third-party applications, O-RAN not only accelerates
innovation but also enhances adaptability in addressing
diverse network scenarios [3].

The Near-RT RIC plays a pivotal role in achieving
intelligent and dynamic control of the RAN through its
support for closed-loop optimization [4]. By operating
on timescales ranging from 10 milliseconds to 1 second,
the Near-RT RIC manages critical tasks such as resource
allocation, interference management, and power control in
near real-time. This level of responsiveness enables xApps to
directly influence the behavior of RAN components like RUs,
DUs, and CUs, ensuring adaptability to rapidly changing
network conditions [5]. The Near-RT RIC’s tight control
loop complements the slower, policy-driven adjustments
of the Non-RT RIC, enabling a hierarchical and time-
sensitive optimization framework. This separation of control
loops ensures scalability and efficiency while allowing the
integration of diverse xApps targeting distinct objectives,
such as enhancing data rates or improving energy efficiency.

B. CONFLICT MANAGEMENT IN O-RAN xApps
The dynamic and decentralized nature of O-RAN introduces
significant challenges in ensuring harmonious operation
among multiple xApps and/or rApps running concurrently on
the RICs [6]. A conflict arises when the actions or objectives
of one application negatively impact the performance or
objectives of another [7]. These conflicts can degrade the
overall efficiency, stability, and fairness of the network,
leading to contradicting decisions. For example, unresolved
conflicts between xApps managing power control or resource
allocation can lead to suboptimal utilization of network
resources, increased interference, and inconsistent user expe-
riences. Consequently, robust conflict detection mechanisms
are required to identify potential issues proactively, and
effective conflict resolution strategies are essential to restore
balance and ensure that the system functions optimally with-
out favoring specific applications unjustly. To address this
challenge, O-RANAlliance specifies a Conflict Management
Framework (CMF) within the RIC architecture [8]. The CMF
is tasked with detecting, classifying, and resolving conflicts
among xApps and rApps to ensure optimal coordination and
resource utilization.

Conflicts in O-RAN can be categorized as shown in Fig. 1.
Vertical conflicts occur between applications at different
layers, such as an xApp contradicting the policies enforced
by an rApp. In contrast, horizontal conflicts emerge between
xApps operating at the same layer, often competing for
shared resources. Intra-component conflicts occur between
xApps at the same Near-RT RIC, while inter-component
conflicts concern xApps at different Near-RT RICs that
control neighboring RAN nodes. Intra-component conflicts
are further classified as direct, indirect, or implicit. A direct
conflict arises when two xApps take different actions on the
same parameter; for instance, one xApp increases transmis-
sion power to improve throughput, while another reduces it

FIGURE 1. Conflicts in O-RAN. (a) Conflict categories in O-RAN.
(b) Architectural view of conflict categories.

to save energy. Indirect conflicts occur when one xApp’s
actions inadvertently affect another’s objectives; for example,
an xApp optimizing handovers might unintentionally reduce
available resources for a neighboring cell managed by another
xApp. Implicit conflicts between xApps’ decisions are harder
to detect because, while individually aligned with their
specific objectives, they result in an undesirable overall
network state. For instance, an xApp prioritizing latency
implicitly violates another xApp aimed at load balancing.
Implicit conflicts usually cannot be detected in advance;
rather, they become apparent during long-term network
operation.

C. RELATED WORK
Conflict detection and resolution have gathered significant
attention in the context of O-RAN, with many studies
addressing the issue from architectural and algorithmic
perspectives [9], [10]. A recent study proposed an archi-
tectural conflict mitigation framework embedded within
the Near-RT RIC, which identifies and resolves conflicts
using predefined rules and real-time monitoring, aligning
with O-RAN’s modular architecture principles [7]. Another
study introduced a pre-emptive conflict detection architecture
within the Service Management and Orchestration (SMO)
framework, focusing on early identification of potential
conflicts before they escalate to performance degradation.
Their solution emphasizes proactive monitoring of multi-
xApp interactions [11].
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Algorithmic approaches have also been extensively studied
for conflict mitigation in O-RAN. The authors in [12]
proposed a mobility-driven energy-saving approach to man-
age xApp-level conflicts, particularly those arising from
overlapping objectives, such as energy efficiency and mobil-
ity management. However, this energy-saving framework
focuses on a single optimization objective without addressing
real-time conflict resolution across heterogeneous xApps.
Another study in [13] employed a game-theoretic framework
within theNear-RTRIC tomodel and resolve conflicts among
xApps competing for shared network resources. A limitation
of this study is the assumption for fully cooperative
agents and static system parameters, which may not reflect
dynamic O-RAN conditions. Another study proposed a
learning-based and data-drivenmethod for reconstructing and
labeling conflict graphs in O-RAN, aiming to dynamically
learn the hidden relationships between xApps, parameters,
and Key Performance Indicators (KPIs) [14]. Additionally,
another study presented a team-based learning framework
to promote collaborative decision-making among xApps,
reducing implicit and indirect conflicts during resource
allocation [15]. This work indirectly addresses conflicts by
promoting cooperative learning among xApps for efficient
resource distribution. However, collaboration among xApps
presents high complexity in real scenarios where multiple
vendor-specific xApps are considered. While these studies
provide valuable insights into conflict detection and resolu-
tion mechanisms to achieve conflict-free O-RAN operation,
there is a notable lack of specific use case-based validations
or proof-of-concept scenarios that quantitatively compare
different conflict resolution policies under realistic network
conditions.

D. PAPER SUMMARY AND CONTRIBUTIONS
This work presents a conflict resolution management scheme
for multi-channel power control in O-RAN xApps (COMIX),
designed to address conflicting objectives among RU-
targeted decisions. Unlike prior CMF implementations that
rely solely on reactive or rule-based conflict resolution,
COMIX uniquely integrates a Network Digital Twin (NDT)
to proactively simulate the outcomes of conflicting xApp
actions. This predictive capability enables more informed
and reliable conflict resolution decisions, minimizing risks to
live network operations. Aligned with the standardized CMF
defined by the O-RAN Alliance, we adopt a generalizable
approach to classify and manage conflicts. Our focus is on
resolving direct conflicts between two Deep Reinforcement
Learning (DRL)-based xApps for multi-channel power
control at the RU level in practical O-RAN scenarios. The
main contributions of this work may be summarized as
follows:

• We formulate the power control problem for RUs in
multi-channel, multi-cell, and mobility-aware multi-
user O-RAN networks as a non-convex optimization
problem. This formulation considers the impact of inter-
channel and inter-cell interference on both experienced

TABLE 1. Acronyms.

users’ throughput and system energy efficiency (EE).
To address this, we proposeDRL algorithms to solve two
variants of the problem, adhering to RU power budget
and resource block (RB) constraints while ensuring
Quality of Service (QoS) requirements.

• Two DRL-based xApps are developed for intelligent
power regulation at the RU level. Leveraging E2O-RAN
metrics, the first xApp aims to maximize total system
throughput, while the second focuses on optimizing
overall EE. Both xApps dynamically adjust RU power
levels under multi-channel transmissions, highlighting
the inherent conflict in their objectives. We adopt and
compare multiple decision-making policies applied by
the CMF to resolve antagonistic conflicts by jointly
considering different policies such as Service-Level
Agreement (SLA) violations, power budget constraints,
and QoS satisfaction.

• In the COMIX framework, we provide a structured
methodology for handling competitive suggestions from
xApps with conflicting objectives. To improve the
precision of the decision, the proposed framework
leverages the NDT [16], [17] to evaluate the impact of
candidate actions before final decision, ensuring mini-
mal disruption of live network operations. An analytical
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and general-purpose workflow is demonstrated to guide
the application of COMIX in realistic O-RAN scenarios.

FIGURE 2. General O-RAN architecture considered for COMIX.

For ease of exposure, Table 1 summarizes all the acronyms
used throughout this article.

II. ARCHITECTURAL SYSTEM MODEL
This section outlines the overall architecture for realizing
an end-to-end and O-RAN-compliant optimization scenario,
including O-RAN metrics collection, multi-xApp models’
inference, CMF-driven conflict detection and resolution,
and final action taking [18]. The architecture considered in
COMIX is shown in Fig. 2. The key components of the
architecture and their role are described below.

A. COMPONENTS AND THEIR ROLES
Firstly, the SMO hosts the Non-RT RIC, which operates
at long timescales to provide high-level guidance and
configuration to the Near-RT RIC through the A1 interface.
This includes hosting rApps for policy generation, per-
formance monitoring, and non-real-time optimization. The
definition and dynamic adaptation of KPI-based policies is
the responsibility of the Mobile Network Operator (MNO).
This is facilitated through the SMO framework and, more
specifically, the Policy Management Function (PMF) of the
Non-RT RIC. The PMF enables the MNO to formulate
intent-based policies that define the optimization targets
(e.g., throughput maximization, energy minimization, SLA
fulfillment) and the relative importance of different KPIs.
These policies are transmitted to the Near-RT RIC via the
A1 interface, where they are used to guide the CMF during
the resolution of conflicting xApp actions. In this context, the
use of the standardized A1-AP interface enables the semantic

abstraction of intent-based policies in the PMF enables adap-
tive policy updates to reflect changing network objectives,
such as transitioning from peak-performance operation to
energy-aware operation under traffic fluctuations.

Thus, the A1 interface enables the exchange of policy
and configuration data between the Non-RT RIC and Near-
RT RIC, ensuring alignment between strategic and real-time
control actions. For instance, vendor-specific or network-
defined policies may be enforced from the Non-RT RIC
to the Near-RT RIC through A1, imposing xApps and/or
CMF component to comply with these policies (e.g. the
system-level energy consumption must be below a certain
threshold, or the experienced data rate by certain users
should exceed a threshold) [19]. Such policies are integrated
within Conflict Resolver (noted as Resolution Policies)
to be taken into account when potential conflicts are
evaluated.

The Near-RT RIC lies at the core of the architecture
and enables real-time optimization and conflict management
through its key components:

1) xApp Catalog: Contains a repository of all available
xApps originated by different vendors. xApps can be
activated or instantiated based on network require-
ments. For example, a Data Rate Maximization (DRM)
xApp and an EE xApp may be active at a certain period
for purposes of maximizing the users’ throughput and
system EE, respectively [20].

2) Active xApps: All xApps that are active to provide
control decisions (e.g. DRM and EE xApps). These
xApps may leverage supervised, unsupervised, or DRL
algorithms to optimize RAN resources (e.g., regulate
RU power levels for DRM). In the COMIX sce-
nario, the DRM xApp focuses on maximizing system
throughput, while the EE xApp optimizes energy
efficiency. Both xApps receive an O-RAN state vector
s and provide action suggestions (a1 and a2) or control
decisions, which are further evaluated by the CMF
component for potential conflicts. Note that the CMF
may be fed with multiple candidate actions when more
xApps are active in order to assess conflicting xApp
groups.

3) RIC Database: Maintains RAN metrics and potential
historical performance data gathered from the network
through the E2 ServiceModel (E2SM) interface. These
data are accessible as E2SM Reports to both active
xApps and CMF for informed decision making.

4) RICDatabus: The messaging layer for data provision-
ing within Near-RTRIC. Usually, CMF is subscribed to
RIC Databus for purposes of receiving or consuming
new data from the xApps output. xApps often act
as data providers for the RIC Databus, bridging
communication with the CMF.

5) CMF Component: The CMF is responsible for
detecting, classifying, and resolving conflicts between
xApps. It consists of:
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• Conflict Detector which identifies and classifies
conflicts (e.g. direct, indirect, or implicit) between
the xApps’ proposed actions based on predefined
rules and historical data. This component uses
Parameter Information data to define conflicts
such as the recently changed parameters and the
parameters groups (a parameters group is defined
as a cluster of configuration parameters that
affect the same KPI). The internal functionality
of the Conflict Detector, called Conflict Classifier,
is further described in Section II-B.

• Conflict Resolver which employs various Resolu-
tion Policies, such as priority-based, SLA-based,
data rate-targeted, or fairness-driven approaches,
to resolve conflicts. The resolution process also
integrates the NDT, which simulates the impact of
candidate actions on network performance before
selecting the optimal action to execute [21]. NDT-
driven conflict resolution is advantageous against
any other reactive mechanism, which evaluates
the decisions after their application on the live
network, allowing pro-active knowledge about
each decision’s impact.

6) NDT: The NDT is a virtualized model of the live
network that predicts the effects of xApp actions by
applying the all candidate decisions on the simulated
environment. In the case of DRL models, the NDT
can simply use the same environment as used during
the training to evaluate different candidate corrective
actions. By evaluating potential actions through KPIs
in a simulated environment (e.g., overall EE and users’
data rate derived upon a1 and a2 actions), the NDT
improves decision accuracy pre-action, minimizing
the risk of adverse impacts on the live network.
Note that the absence of NDT capabilities forces the
Conflict Resolver to implement non-guided actions
(based on predefined rules or patterns), potentially
leading to network reconfiguration when the action is
degradative, further imposing network disruption.

7) RAN Environment: Consists of the E2 RAN nodes,
namely the RUs, DUs and CUs. RUs are managed
through the Open Front Haul (Open FH) interface,
enabling flexible, multi-vendor configurations. The
RUs serve UEs and are directly influenced by the
actions taken by the Near-RT RIC. Note that the UE
traffic pattern, UE metrics, UE demands, UE mobility,
UE handovers, inter-cell interferences, channel losses,
and antenna system parameters (transmitting power
levels, UE/RU association, physical resource blocks)
are considered part of the RAN environment. Actions
imposed by the Near-RT RIC’s Action Taker are
conveyed over E2 interface as E2SMControl messages,
whereas the RAN metrics acknowledged to the RIC
Database are collected as E2SM Report messages
over E2.

FIGURE 3. Generalized Direct/Indirect Conflict Detector. (a) Internal
Architecture; (b) Example of CPs/KPIs associated with 4 xApps; (c) CP
Clusters per KPI; (d) Conflict Graph.

B. GENERALIZED xApp CONFLICT CLASSIFICATION
This section outlines a general-purpose Conflict Detector
(CD) used in the COMIX framework. For the ease of
exposure, Table 2 lists all the mathematical notations used
in this work. The role of the CD is to identify pro-actively
(i.e. beforehand) direct conflicts (DCs) and indirect conflicts
(ICs). Since implicit conflicts can only be detected upon
unexpected KPI degradation occurrences, CD supports the
identification of implicit conflicts re-actively (i.e. after their
negative impact). As shown in Fig. 3a, CD contains several
internal logical modules to analyze, classify and forward
potential contradicting decisions made by different xApps.
Let K = {1, 2, . . . ,K } denote the set of active xApps
identifiers at a given time slot. Each xApp k ∈ K
is characterized by its input metrics which are used for
inferring the xAppmodel to obtain output Control Parameters
(CPs), referred to as xApp decisions. Decisions about CPs
configuration targets at optimizing a specific objective or
a target KPI (e.g. power consumption below a threshold),
according to which the xAppmodel has been trained. In some
cases, an xApp might provide CPs that affect not only its
target KPIs, but also KPIs of other xApps (e.g. EE-targeted
power control of RUs by one xApp affects the data rate of
UEs, which might be the objective of another xApp). In this
sense, we assume that MNO -which serves as the xApp
owner- is responsible for predefining the xApp inputs, CPs,
and all a priori known KPIs that are affected by the CPs [14].
Once the active xApps complete their model inference, all
the CP decisions enter the CD (via the RIC Databus) for
potential identification of contradicting proposed actions.
The CD internal architecture is structured as follows:

1) CP/KPI Extraction: This module extracts the basic
information (i.e. CPs and KPIs) from each active
xApp k ∈ K. Firstly, it identifies the different
parameters and KPIs received from all xApps, denot-
ing P = {P1,P2, . . . ,PX } as the CP set and

116688 VOLUME 13, 2025



A. E. Giannopoulos et al.: COMIX: Generalized Conflict Management

L = {L1,L2, . . . ,LY } as the KPI set. As output,
it simply provides the CP set Pk ⊆ P (i.e. CPs
controlled by xApp k) and the KPI set Lk ⊆ L (i.e.
KPIs affected by xApp k).

2) DC Checker: Occurrences of direct conflicts between
xApps are checked by the DC Checker. The tests
involved in this module search for combinations of
xApps with at least one common parameter. Thus,
the DC Checker loops over all CPs and returns the
xApp groups with common CPs, indicating direct
conflicts over specific control parameters. The xApp
decisions with direct conflicts are passed to the Action
Forwarder, whereas CP/KPI sets are also forwarded to
the CPs Clustering module for further indirect conflict
investigation.

3) CPs Clustering: This module creates a cluster for each
KPI Ly ∈ L which contains all the CPs that affect
Ly (y = 1, 2, . . . ,Y ). Clusters are formed based on
the Association Matrix A (dimensions X × Y ) with
elements Ai,j = 1, when CP Pi affects KPI Lj, or Ai,j =

0, otherwise.
4) IC Checker: Indirect conflicts are detected by the IC

Checker, which searches for xApp groups with CPs
belonging in the same cluster. In this way, IC Checker
is able to detect which xApps influence common KPIs
and, in case of IC, xApps decisions will be sent to
the Conflict Resolver, otherwise they will be directly
passed to Action Taker due to conflict absence.

5) Action Forwarder:Thismodule establishes the proper
end-points or interfaces (e.g. by exposing APIs) to
forward the xApp decisions towards either the Conflict
Resolver (for contradicting decisions) or the Action
Taker (for conflict-free decisions). Hence, if DCs or
ICs are raised by the DC or IC Checkers, xApp
decisions are passed to the component called To
Conflict Resolver, otherwise they are passed to the
component called To Action Taker.

6) KPI Notifier: To partially support the detection of
implicit conflicts, the proposed CD includes a KPI
Notifier. This module keeps track of KPI monitoring
data (e.g. stored in RIC Database) and raises alarms
when an unexpected KPI degradation is observed due
to the control of a specific CP. Thus, if an alert is
triggered, KPI Notifier enforces a manual modification
of the CP clusters by extending the CP group affecting
the degraded KPI.

Note that, although the above descriptions concern a
single time instance, the CP clusters are updated dynamically
under the following conditions: (i) When new xApps are
instantiated and registered, their reported CPs and target
KPIs are integrated into the existing clusters; (ii) When a
new control action is proposed by an xApp, the CP/KPI
relationships are re-evaluated to detect any potential conflicts,
triggering an update of the relevant clusters; (iii) When the
KPI Notifier detects an unexpected degradation in a KPI (e.g.,
a drop in throughput or energy efficiency due to a specific

TABLE 2. Mathematical symbols.

CP’s influence), it raises an alert, triggering a manual update
of the CP clusters by extending the CP group associated with
the degraded KPI.

To concretely explain the CD information flow and
components’ functionality, let us consider the example of
Fig. 3b, where 4 active xApps are considered. The set of
all CPs is P = {P1,P2,P3,P4,P5} and the set of all KPIs
is L = {L1,L2,L3,L4,L5}. Initially, the CP/KPI Extraction
component defines the CP/KPI sets per xApp as: P1 =

{P1,P2}, L1 = {L1}, P2 = {P1}, L2 = {L2,L3}, P3 =

{P3,P4}, L3 = {L4,L1}, P4 = {P5}, L4 = {L5}. For the
ease of exposure, we assume that, initially, it is not known
that P5 affects KPI L2. Noteworthy, KPI L1 is a target KPI
of xApp 1, but is unavoidably affected by the operation of
xApp 3 due to the variation of P3. Then, the DC Checker tests
for common elements (i.e. same CPs regulated by different
xApps) by computing the intersections across the CP sets.
In this example, there is a DC between xApp 1 and xApp
2 since P1 ∩ P2 = {P1}, meaning that both control P1.
Upon DC detection, the decisions of xApp 1 and xApp
2 are passed to the Conflict Resolver, whereas all CP/KPI
sets are further forwarded to the CPs Clustering. The latter
forms the following clusters: L1-cluster = {P1,P2,P3},
L2-cluster = {P1}, L3-cluster = {P1}, L4-cluster = {P3,P4},
L5-cluster = {P5}. Based on these clusters (see Fig. 3c),
IC Checker identifies that P3 is a member of L1-cluster, so it
affects the operation of xApp 1 while being only a direct
CP of xApp 3. Thus, the decisions of xApp 1 and xApp
3 form an IC and are passed to the Conflict Resolver, whereas
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xApp 4 decision is passed directly to the Action Taker. At a
later time slot, KPI Notifier can trigger an alarm due to
an unexpected degradation of KPI L2 attributed to P5. This
in turn enforces a modification of L2-cluster by adding P5.
Including P5 in L2-cluster leads the IC Checker to detect an
IC between xApp 2 and xApp 4. Thus, KPI Notifier allows
for detecting implicit conflicts over the long-term network
operation, which are finally identified as ICs. Fig. 3d depicts
the overall conflict graph, including the implicit conflict
detected later in time (relative to the proactively detected
DC/IC conflicts), after observing an unexpected degradation
of L2.

III. DESIGN OF xApps
This section describes the mathematical background for
designing and training two DRL-based algorithms used as
Near-RT RIC xApps. Both xApps operate in the same multi-
cell RAN environment, aiming to provide multi-channel
power control policies for O-RAN RUs.

A. DOWNLINK MULTI-CHANNEL POWER CONTROL
Solving the optimization problem ofDownlinkMulti-channel
Power Control (DMPC) involves finding the proper power-
level configuration of all RUs so as to optimize a specific
objective, under power constraints, user demands, mobile
traffic, inter-channel and inter-cell interferences.We consider
an O-RANwireless network consisting ofN RUs from the set
N = {1, 2, . . . ,N }, where each RU serves a coverage area.
In this setup, the operational frequency band is segmented
into multiple RBs based on a given channel segmentation.
Each RU supports M available RBs (from the set M =

{1, 2, . . . ,M}) for downlink physical-layer transmissions,
where each RB m ∈ M has a specific bandwidth Wm.
A complete frequency reuse scheme is assumed across the
O-RAN transmissions, meaning all RUs operate on the same
frequency band, introducing inter-cell interferences over
common-RB transmissions.

Each UE in the network, denoted as u ∈ U (where U =

{1, 2, . . . ,U}), requests a specific service s based on its SLA
profile in order to meet its QoS requirements. Each service
s corresponds to a particular throughput demand, expressed
in Mbps. To represent these demands, a demand vector D
with elements du is used to notify the requested service class
of each user u. In the proposed system model, each UE u
is associated with a single RB m from a specific RU n,
determined by the binary association matrix A, where each
element An,m,u = 1 if user u is associated with RB m of RU
n, or 0 otherwise. The power level allocated to RB m of RU n
is represented as pn,m. To ensure power efficiency, the system
imposes a sum-power constraint on each RU n, as given by∑M

m=1 pn,m ≤ P̄, where P̄ is the maximum total transmitting
power allowed for each RU . Additionally, a minimum power
level constraint pn,m ≥ p̄ is enforced to account for signaling
and sleeping operations of each RB. Also, each RU can cover
multiple users.

FIGURE 4. DRL cycles between xApps and O-RAN environment.

The Signal-to-Interference-plus-Noise Ratio (SINR) expe-
rienced by a user u, associated with RB m of RU n, is given
by:

γn,m,u =
pn,mLn,m,u∑

t ̸=k pt,mLt,m,u + n0
(1)

where Ln,m,u denotes the channel losses between RU n and
UE u over RB m, and n0 represents the received noise power
at the UE. The achievable data rate rn,m,u for a user u ∈ U
associated with RBm of RU n is computed using the Shannon
formula:

rn,m,u = Wm · log2(1 + γn,m,u) (2)

The user association is determined so as to ensure that each
UE receives the highest achievable rate. Note that the system-
level data rate is defined as:

F1 =

N∑
n=1

M∑
m=1

U∑
u=1

An,m,u · rn,m,u (3)

Similarly, the system-level EE is defined as:

F2 =

∑N
n=1

∑M
m=1

∑U
u=1 An,m,u · rn,m,u∑N

n=1
∑M

m=1 pn,m
(4)

B. OPTIMIZATION PROBLEM VIA DRL
To regulate power control across RUs intelligently, theDMPC
problem is solved using a DRL framework, implemented as
two distinct xApps with different objectives: (i) the DRM
xApp aims to optimize power allocation to maximize the total
system throughput for UEs [22]; (ii) the EE xApp selects
the power allocation to minimize energy consumption while
maintaining QoS requirements [23].

The intelligent agent running on the Near-RT RIC adheres
to the following constraints: (i) respecting the total power
budget P̄ of RUs and the minimum power limitations p̄
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of RBs; (ii) considering the available RBs for each RU;
(iii) satisfying the QoS demands specified by each UE’s
SLA profile. Each UE reports the following metrics to the
Near-RT RIC’s Database: Associated RU ID, Associated
RB ID, Current data rate in Mbps. Fig. 4 shows the DRL
interaction cycles between the DRM/EE xApps and the RAN
environment.

The simultaneous operation of DRM and EE xApps
introduce conflicts, so the goal of the COMIX scheme is to
ensure that RUs dynamically adjust their power levels while
balancing the conflicting objectives based on predefined
resolution policies. These policies are enforced by the Non-
RT RIC and are applied by the Conflict Resolver. Below,
we formulate the optimization problem defined for each
xApp, and we determine the DRL elements (state, action,
reward) considered in the solution [24].

1) DATA RATE MAXIMIZATION xApp
The DRL-based DRM xApp focuses on solving the following
optimization problem:

argmax
p

( 1
T

T∑
t=1

F1(p)
)

s.t. (C1)
M∑
m=1

pn,m ≤ P̄, ∀n ∈ N

(C2) pn,m ≥ p̄, ∀n ∈ N ,m ∈ M

(C3)
N∑
n=1

M∑
m=1

An,m,u ≤ 1, ∀u ∈ U

(C4) rn,m,u ≥ du, ∀u ∈ U (5)

where it is implied that DRM xApp looks for a power vector
p = {pn,m} (with dimensions N ×M ) such that to maximize
the expected (long-term) system-level data rate after a series
of T training episodes [25].

The following DRL elements are considered by the DRM
xApp during the training process:

State: Considering the set of time slots T = {1, 2, . . . ,T },
the DRL agent observes a state vector s(t) at each time t ∈ T .
The state vector is defined as s(t) = {CQIn,m} (dimensions
N × M ), where each element CQIn,m denotes the channel
quality indicator (CQI) of the UE that is served by RB m
of RU n. CQI values vary between 0 − 15 and represent the
quantized version of the SINR values γn,m,u into 16 discrete
levels (i.e. zero CQI corresponds to poor SINR levels, CQI at
15 means perfect propagation conditions), as defined in [24].
When no UE is associated with a certain RB m of RU n,
we note CQIn,m = −1 by convention.
Action:After observing s(t), DRL agent provides a control

decision on the RUs power configuration by assigning a new
power vector a1(t) = p(t) = p(t − 1) + V (t). Specifically,
the new power vector is equal to previous-slot power vector
changed by the variation vector V (t). The latter is formed
by selecting one RB per RU and either increase or decrease
its transmitting power by a predefined power step Ps. For

instance, the variation vector:

V (t) =


0 +Ps · · · 0

−Ps 0 · · · 0
...

...
. . .

...

0 0 · · · +Ps


N×M

(6)

reflects that RB 2 of RU 1 and RB M of RU N will be
increased by Ps (in Watts), whereas the RB 1 of RU 2 will be
decreased by Ps. The power level of the rest RBs will be the
same as in the previous-slot power level. In this formulation,
DRL agent is able to apply smooth changes in the power
configuration across RUs to optimize objective F1.
Reward: After applying an action a1(t), the DRL agent

receives a scalar reward r1(t + 1) reflecting the extent to
which the action is beneficial relative to the objective. In the
case of DRM xApp, the reward is defined as r1(t + 1) =

F1(t) − F1(t − 1), where F1(t) and F1(t − 1) are derived
by applying (3) considering the power configuration p(t)
and p(t − 1), respectively. In this way, the DRL agent’s
reward reflects the data rate increment/decrement derived
after applying a1(t).

2) ENERGY EFFICIENCY MAXIMIZATION xApp
Similarly, the EE xApp aims to solve the following optimiza-
tion problem:

argmax
p

( 1
T

T∑
t=1

F2(p)
)

s.t. (C1)-(C3)

(C4’) rn,m,u ≥ ξ · du, ∀u ∈ U (7)

where EE xApp searches a power vector p for all RUs/RBs
to ensure a maximized data rate vs power consumption
ratio [26]. Note that constraint (C4’) implies that the allocated
throughput of each UE can be decreased for purposes of
ensuring power savings, given that ξ ∈ [0, 1] denotes a
constant value that allows for reduced throughput allocation
at the UE (e.g., rn,m,u ≥ 0.8 ·du). In this manner, DRM xApp
ensures maximized throughput and full QoS satisfaction (due
to (C4)) while ignoring the power consumption, whereas EE
xApp guarantees low power consumption while allowing for
a slight degradation of the requested throughput (due to (C4’))
by a factor (1 − ξ )%. Overall, both xApps optimize the O-
RAN from different perspectives, highlighting the full QoS
satisfaction vs EE trade-off.

To provide a suboptimal solution, the EE xApp adopts
the same state/action space as in DRM, but the rewarding
function is given by r2(t+1) = F2(t)−F2(t−1), representing
the EE change due to the application of action a2(t).
In summary, both xApps observes the same environment state
s(t) and propose different actions (i.e. a1(t) and a2(t)) such
that to optimize F1 and F2, respectively. For convenience,
a comparative summary of the state, action, and reward
definitions for both xApps is presented in Table 3.
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TABLE 3. Comparison of DRL elements for DRM and EE xApps.

It is important to note that the optimization problems (5)
and (7) are non-convex, primarily due to the interference-
coupled SINR formulation and logarithmic utility functions
across multiple RUs and RBs. As a result, the DRL-based
xApps are designed to learn a locally optimal policy, rather
than guarantee a globally optimal solution. Hence, the agents
are trained in a realistic simulation environment to make
near-optimal decisions under dynamic network conditions,
with optimality defined in terms of its reward function and
achieved performance during training.

C. NETWORK DIGITAL TWIN FUNCTIONALITY
By definition, NDT is a virtual representation of a real
network and its associated objects and processes which mir-
rors physical counterparts, allowing for real-time monitoring,
simulation, and analysis. The NDT is an integral component
of the COMIX framework, providing the dynamic simulation
environment necessary for computing RAN/UE metrics and
training the DRL-based xApps. The NDT models the O-
RAN network environment, enabling the DRL agents to
interact with a realistic, yet simulated, representation of the
physical-layer RAN conditions [21]. In the case of DRL
algorithms, NDT should only coincide with the environment
in which the agents perform actions, and is not necessarily
a large-scale representation of the whole network. In this
sense, NDT can be deployed as different instances depending
on the DRL algorithm, with each instance abstracting only
the environment required by a given DRL agent [27]. This
ensures that the xApps can learn optimal policies (e.g., for
multi-channel power control in RUs) before deployment in
the live network.

In the COMIX framework, the NDT allows for flexible
configuration of the simulation parameters to accurately
represent the O-RAN environment, and can be parameterized
on-demand. The key configurable parameters include:

• The number and topology of cells within the network
area, along with the spatial location of the RUs.

• The channel and path loss models to estimate the
received signal strength type-specific cells (e.g., macro,
micro, or pico-cells; urban, suburban, or rural cells) [28],
[29].

• The maximum power budget per RU and the minimum
power level of each RB.

• The operating 5G frequency band, numerology (spec-
trum channelization), and the total bandwidth allocated
for downlink transmissions [29].

• The initial number of UEs in the network area, their
maximum velocities under a mobility model (e.g.
random walk), and their potential movement across cell
boundaries.

• The probability of new UEs entering the network area
from the borders during a given time slot.

1) PARAMETERIZING NDT DURING xApp TRAINING
The NDT initializes the simulation by randomly placing
UEs within the network and assigning initial power levels
to each RB, respecting the constraints on maximum and
minimum power budgets. It computes channel gains based
on the relative distance between UEs and RUs, following the
3GPP specifications for 5G cells [29]. Using this information,
the NDT calculates key metrics such as SINR and data
rate for each UE across all RU and RB combinations. The
core functionalities of the NDT include: (i) Interference
calculation to evaluate the accumulated interference from
non-serving RUs for each UE; (ii) Channel metrics produc-
tion such as SINR and data rate for all potential RU/RB
associations; (iii) Dynamic association to assign UEs to RBs
that maximize their throughput; (iv) UE Mobility through a
pre-defined model. This dynamic modeling supports time-
varying network conditions, including potential handovers,
ensuring that the DRL agents are trained in realistic and
variable scenarios.

At each simulation time step, the NDT generates detailed
UE metrics that can be used to form the DRL state vector,
including the CQI and the IDs of the associated RU and RB.
By simulating diverse network conditions during the DRL
training, the NDT enables the xApps to refine their policies
in a controlled environment, ensuring they are well-prepared
for deployment in live O-RAN systems.

2) PARAMETERIZING NDT DURING xApp INFERENCE AND
CONFLICT RESOLUTION
When the xApp model is inferred with real UE metrics
collected via E2, NDT can be configured instantly using the
current UE metrics (positions, serving RUs and RBs) and
the O-RAN parameters (RU power levels, topology). Also,
when potential xApp conflicts are addressed by the Conflict
Resolver, xApps decisions can be directly applied on the
current NDT instance to gather the new O-RAN metrics. The
Conflict Resolver then uses these metrics to evaluate which
xApp complies with the current resolution policy (e.g. which
xApp leads to maximum EE).

It is important to note that, in COMIX, the evaluation of
conflicting actions by the NDT occurs before deployment to
the live network, enabling proactive and informed decision-
making. Although such pre-deployment simulation incurs
computational cost, the process should be designed to be
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lightweight and fast. Usually, the NDT instance is virtualized,
containerized, and runs on dedicated infrastructure separate
from the live RAN control loop, allowing for parallel execu-
tion without introducing blocking overhead. The simulation
environment leverages reduced-order models, compressed
radio maps, and pre-trained predictors to approximate action
impact efficiently. Moreover, the responsiveness of the
NDT depends on several implementation-specific factors,
such as CPU/GPU capabilities, simulation granularity, and
iteration length. To ensure minimal latency (typically within
milliseconds), the system can adopt lightweight evaluation
strategies, including: (i) limiting the number of simulation
iterations per candidate action, (ii) applying early-stopping
heuristics when actions exhibit poor KPI trends during the
initial steps; and (iii) selecting representative yet simplified
network states for evaluation instead of full-scale replicas.
As a result, the use of the NDT remains practical and scalable
for near-real-time conflict resolution scenarios in operational
O-RAN environments.

3) SYNCHRONIZATION AND DEPLOYMENT
CONSIDERATIONS
In COMIX, the same NDT instance can serve multiple
purposes throughout the xApp lifecycle: during training,
it offers a controlled simulation of mobility-aware multi-
user RAN scenarios, while during inference or conflict
resolution, it rapidly emulates the impact of xApp actions
based on current E2-reported metrics [1], [30]. This reuse
of a consistent modeling engine helps ensure that the
xApps’ learned behavior aligns with inference evaluations.
To maintain accuracy, the NDT periodically synchronizes
with live RAN data collected from the SMO and Near-
RT RIC, including updates on propagation environments,
UE mobility trends, and evolving power configurations.
These updates allow the simulation to remain relevant as the
physical network changes over time [21].
In terms of deployment, the NDT is typically implemented

as a containerized microservice (e.g., Docker-based) that is
invoked by the RAN operator (or it is automatically deployed
with Near-RT RIC), depending on implementation selec-
tions [21], [30]. Depending on the deployment architecture,
it may run on the same platform as the Near-RT RIC or on
edge/cloud servers within the RAN domain. Its modularity
enables the support of multiple NDT instances, each fine-
tuned for a specific xApp or policy evaluation scenario,
running in parallel without mutual interference [21].

IV. SIMULATION RESULTS
This section presents the validation results of the COMIX
scheme. First, we demonstrate the impact of the key learning
hyperparameters to ensure optimal convergence of individual
xApps. Then, we assess the network performance in terms
of target KPIs (i.e. system-wide data rate and EE) under
different conflict resolution policies using multiple simula-
tion scenarios. Finally, considering the pre-trained DRM and
EE xApps in inference mode, we analytically present the

end-to-end COMIX workflow in a general-purpose manner,
explaining the information flow step-by-step and showcasing
the role of CMF and NDT components in addressing xApp-
level conflicts. The constant hyperparameters used in the
simulations are tabulated in Table 4. It is important to note that
the purpose of the following experiments is not to prove that
DRM or EE xApps outperform state-of-the-art optimization
algorithms, but rather to demonstrate the applicability of
the proposed COMIX framework in resolving xApp-level
conflicts through standardized workflows and configurable
resolution policies.

TABLE 4. Simulated environment and DRL configuration.

A. TRAINING PERFORMANCE OF xApp
Extensive simulations were carried out to ensure convergence
of the algorithms. Both DRM and EE xApps were trained in
identical environment setup after 2000 training episodes. The
xApps only differed in the rewarding function, as specified
in (3) and (4), respectively. Although acting on the same envi-
ronment with identical available actions, different rewards led
the xApps to learn completely different policies.

To guarantee optimal convergence in DRL algorithms,
the critical hyperparameters should be stabilized. Upon
experimentation on different values of learning parameters,
the most impactful hyperparameters were deemed to be
the learning rate α (affects the intensity of weight update
during backpropagation) and the discount factor γ (bal-
ances the trade-off between immediate and future rewards).
Additionally, as a problem-specific hyperparameter, different
values of the power step were tested, as they affect the
granularity of RU power regulation. To assess the impact of
each hyperparameter, we depict the learning curve of each
DRL configuration, which reflects the reward time-course as
a function of the training episodes. Fig. 5a-c shows the reward
of different DRM xApp configurations in terms of the overall
achieved data rate (in Mbps), whereas Fig. 5d-f depicts the
same curves for EE xApp, representing the reward in terms of
the system-wide EE (in Mbps/Watt). Due to the large number
of overlapping learning curves in Fig. 5, confidence intervals
were omitted for visual clarity. However, we report that the
95% confidence interval for the average reward values across
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FIGURE 5. Learning curves of DRM (a-c) and EE (d-f) xApps for different learning rates (column 1), discount factors (column 2), and power steps
(column 3).

multiple runs was within±5.3% for DRM and±6.1% for EE
xApps under the optimal hyperparameter settings.

As observed, the DRM xApp reward converges to a
similar value across all γ values due to the limited variance
in achievable system throughput under the given setup.
In contrast, the EE xApp reward diverges across γ values,
with γ = 0.3 presenting the best EE, reflecting the
higher sensitivity of energy efficiency optimization to long-
term planning and discounting. The different impact of
discount factor on different xApps further highlights the
distinct objectives defined, with the EE xApp requiring low
discount values for optimality. Also, the two xApps showed
optimal convergence for different learning rates, namely
a = 10−3 for the DRM xApp and a = 10−4 for the
EE xApp.

Considering the optimal a and γ values, there was a
noticeable impact of power granularity on long-term reward
achievement. Specifically, DRM xApp presented optimal
performance for a power step of Ps = 3 Watts, leading to an
average data-rate improvement of 0.11Mbps. Thismeans that
following the DRM decisions at a given time slot, the overall
system throughput may be increased by 0.11 Mbps at the
next time slot. Considering the continuous operation of DRM
xApp, consecutive decisions may lead to considerable data-
rate improvements. On the other hand, EE xApp presented
performance improvements for higher values of Ps (ranging
9 to 13 Watts), with a Ps = 11 Watts showing the highest
reward (about 1.3 Mpbs/Watt). Note that, since EE xApp
allows for slight throughput degradation (by a factor of 1−ξ )
to achieve power reduction (see (C4’) of problem (7)), it is
capable of changing more rapidly (i.e. by larger power steps)
the power level of the RUs.

B. COMPARISON OF DIFFERENT RESOLUTION POLICIES
Following the hyper-parameter tuning of each xApp indi-
vidually, this subsection evaluates the CMF resolution
performance under various resolution policies. Since both
xApps propose actions concerning the power control of
RUs, different resolution policies can be defined to account
for handling the direct conflict. To this end, comparative
analyses were conducted considering five different resolution
policies to illustrate their impact on network KPIs such as
system-level data rate and EE. A simulated DRL environment
is assumed to be hosted within NDT for purposes of
evaluating different candidate actions for power control.
To ensure consistency, the NDT environment considered for
the proactive action assessment is the same software package
used to train both xApps. Under a given resolution policy i
at time slot t , NDT returns an evaluation score sij(t) for each
candidate action j, which quantifies the extent to which action
j benefits the target KPI defined by policy i. Finally, the xApp
action with the maximum evaluation score is chosen.

The resolution policies considered were the following:
1) Maximum Throughput-based Selection (MaxTS):

At time slot t , this policy selects the action of xApp
j (j = 1 for DRM xApp or j = 2 for EE xApp) that
maximizes the system-wide throughput by computing
the following score for each candidate action:

s1j (t) = F j1(t) (8)

where F j1(t) is given by (3) after applying action j.
2) Minimum Power-based Selection (MinPS): This

policy resolves the direct conflicts by selecting the
power vector that minimizes the total power consumed.
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Thus, the score of each action j is computed by:

s2j (t) = −

N∑
n=1

M∑
m=1

pjn,m (9)

where pjn,m is the power level assigned to RB m of RU
n based on the action of xApp j.

3) Energy Efficiency-based Selection (EES): This pol-
icy selects the action that provides the best ratio of
total network throughput divided by the total consumed
power [31].

s3j (t) = F j2(t) (10)

where F j2(t) is given by (4) after applying action j and
reflects the network EE.

4) Throughput Violation-based Selection (TVS): In
this policy, specific SLA requirements are considered
for the achieved throughput. We consider an SLA-
defined throughput requirement of cu (in Mbps) for
each UE u, which reflects that each UE, upon action
selection, should experience a throughput of at least
cu Mbps. Without loss of generality, we assumed
cu = 2 Mbps for each UE u. The evaluation score
of this policy quantifies how many UEs exhibit SLA
violation by counting the number of UEs (denoted as
Cu) experiencing a throughput below cu. In case of
score ties among xApps (i.e. multiple actions show the
same number of SLA violations), the minimum power-
consuming action is chosen. The above-mentioned
policy returns a score s4j (t) for each action j, as reflected
by the following formula:

s4j (t) = −

U∑
u=1

C j
u(t) −

1

1 + e−p
j
total (t)

(11)

where pjtotal(t) is the total power consumption (summed
across RUs and RBs) after applying action j at time slot
t , and C j

u(t) is the SLA violation (binary) index of UE
u after applying action j, which is given by:

C j
u(t) =

{
1, if r ju(t) < cu
0, otherwise

(12)

where r ju(t) is the experienced throughput (in Mbps)
of UE u after applying action j. It is evident that this
policy scores an action based on the resulting number
of SLA violation occurrences (first term) and the total
power consumption scaled between [0,1] using the
sigmoid function (second term). Given that the number
of SLA violationsCu is an integer, the second (sigmoid)
term is used to resolve the score ties, ensuring that
the contribution of the power consumption on the
final score will always be less than one. Under
this definition, the second term influences the action
selection only when the candidate actions present
equality in SLA violations. For instance, if both DRM

and EE xApps’ actions result in 5 SLA violations, but
they require different total power consumption (e.g.,
pDRMtotal (t) = 3W and pEEtotal(t) = 2W , then the returned
scores are s4DRM (t) = −5 − 0.95 = −5.95 and
s4EE (t) = −5 − 0.88 = −5.88. In this example,
EE xApp will be finally applied because it produces
the highest score (i.e. equal SLA violations compared
to DRM xApp, with lower power consumption).

5) EE Violation-based Selection (EEVS): Similar to
TVS policy, this resolution policy considers a UE-level
SLA requirement concerning the lower-bounded EE
ratio eu (i.e. a throughput to consumed power ratio).
Considering that each UE u should experience at least
eu = 2 Mbps/W after RU power allocation, this policy
calculated and returns the following score:

s5j (t) = −

U∑
u=1

E ju(t) −
1

1 + e−p
j
total (t)

(13)

where pjtotal(t) is the total power consumption (summed
across RUs and RBs) after applying action j at time
slot t , and E ju(t) is the EE-based SLA violation (binary)
index of UE u after applying action j, which is given by:

E ju(t) =

 1, if
r ju(t)

pju
< eu

0, otherwise

(14)

where r ju(t) and p
j
u is the experienced throughput (in

Mbps) and the associated RU/RB power level of UE u,
respectively, after applying action j. The EEVS scores
quantify howmany EE violations occurred and, if score
ties between xApps are observed, the least power-
consuming action is chosen.

Notably, the proposed framework is generalizable, mean-
ing that additional resolution policies or modifications of
the considered policies could be easily adopted without
significant changes in the architectural setup.

To demonstrate the performance of each resolution policy,
we conducted 200 validation episodes, each of which sim-
ulating different network instances with randomized initial
state (UE position, RU power levels, RB-UE association).
In each validation scenario, we run 100 consecutive steps
with both DRM and EE xApps being activated, allowing
UEs to randomly move within the network area. In each
step, the environment state is acknowledged to both xApps
for inference, both producing conflicting power allocation
actions that are further detected and resolved by the CMF
component.

After applying the five presented resolution policies hosted
in the Conflict Resolver, we measure the Network Data Rate
(in Mbps) and the resulted Total Power Consumption (in
Watts), averaged across the 200 episodes and 100 steps. Both
metrics were computed under two conditions: once with the
CMF in place (considering a given resolution policy) and
once without it. In the CMF-free scenario, the final action
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FIGURE 6. Network Data Rate (a) and Total Power Consumption
(b) resulted from different resolution policies (blue curves) after
200 validation episodes. Red curves reflect the same metrics without the
presence of CMF.

is determined based on the timing of the xApp’s action
arrival, effectively resulting in a random selection between
the DRM and EE xApps. This baseline method represents
a typical scenario where conflict detection is not performed.
Consequently, the most recently received action at the Action
Taker is directly applied to the network, overwriting any
previously proposed action. Notably, to ensure statistical
robustness, each of the 200 validation episodes was generated
with different random seeds affecting UE initial locations,
mobility patterns, and RB/UE associations. These variations
were selected to emulate realistic deployment variability and
allow multiple randomized comparisons.

In Fig. 6, we depict the total data rate and the power
consumption across the five different resolution policies
against CMF-free scenarios. Evidently, regardless of the
resolution policy used, CMF inclusion does not significantly
benefit the network data rate relative to the CMF-free method
(around 3% difference). This is attributed to the fact that,
at each step, CMF-free scheme leads to the implementation
of the action proposed by either DRM or EE xApp, both
targeting at the throughput maximization in their objective
function (see (3) and (4)). This means that, even without
CMF inclusion, both xApps produce optimized decisions

FIGURE 7. Frequency of occurrence for each xApp’s action (DRM and EE)
across different resolution policies, showing how many times each xApp’s
action was finally selected based on the NDT-oriented evaluation scores.

with regards to network data rates, further explaining the
equal performance between the CMF-based and CMF-
free schemes in terms of the overall achieved throughput.
Noteworthy, the CMF-based scheme outperforms the CMF-
free method only when the MaxTS policy is considered,
with the latter constantly selecting the xApp that provides
the highest network data rate. Also, the lower data rate
observed in all resolution policies compared to the MaxTS
is explained by the following key point: MaxTS selects
the highest-throughput action, neglecting power consumption
and whether UEs are over- or under-satisfied. For instance,
an action selected by MaxTS may present extremely high
network data rate, simply because some UEs experience
extremely high data rate (due to their close proximity from
the RUs), while many other UEs are under-satisfied. On the
contrary, the rest of the methods either take care of the
power consumption (MinPS and EES) or follow an SLA-
driven selection (TVS and EEVS), which usually lead lower
network-wide data rates.

Importantly, the CMF considerably increases the energy
savings of the system, as clearly illustrated in Fig. 6b, with
power consumption being reduced by up to 60% using CMF.
Independently of the resolution policy used, CMF inclusion
constantly outperforms the CMF-free scheme, highlighting
the advantageous usage of CMF for improving system’s
EE. Following MaxTS, the power consumption is increased
compared to the rest of the policies, mainly because MaxTS
exclusively selects based on UEs’ throughput. The resolution
policies that take the power consumption into consideration
before selecting the final action (i.e. MinPS, EES and
EEVS) showed equally optimal performance in terms of
power savings, suggesting that their use can significantly
improve EE under the presence of power control-based direct
conflicts. Note that, since Fig. 6 shows the average values
across 200 validation episodes, the standard error of the mean
(SEM) across runs was approximately 3.67Mbps for network
data rate and 5.9 W for total power consumption, indicating
consistent trends across random environmental realizations.
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FIGURE 8. Sequence diagram and information flow in the COMIX scheme for multi-xApp inference and conflict management.

Fig. 7 depicts how many times each xApp was finally
selected during the validation scenarios. Interestingly,
EE xApp is chosen in the vast majority of time across all
resolution policies. This is attributed to the fact that EE
xApp jointly considers the throughput and the power levels,
achieving a balanced rate of both KPIs (data rate and power
consumption). Note that DRM xApp is selected only when
the objective is to maximize the overall data rate (as in
MaxTS policy) and is rarely chosen when power control
or SLA violations are considered. This behavior does not
indicate a framework-level bias, but rather reflects the fact
that the EE xApp aligns more closely with the scoring
objectives of the considered policies, particularly those that

favor reduced power consumption or SLA satisfaction. The
DRM xApp, by design, focuses solely on throughput, and
thus performs optimally only under MaxTS. Notably, the
framework remains generalizable, and the resolution criteria
can be adapted to prioritize different KPI trade-offs based on
operator-defined intents.

Note that, to ensure comprehensive conflict detection,
the COMIX framework supports both syntactic (direct) and
outcome-based (indirect) conflict analysis. First, the DC
Checker identifies pairs of xApps that target overlapping
CPs, such as transmit power for the same RU/RB pair. This
module loops over all CPs and returns the xApp groups
with conflicting parameter values, indicating direct conflicts.
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For example, the DRM and EE xApps typically propose
different power vectors for the same RUs, triggering direct
conflict flags. These action pairs, along with their associated
CPs and targeted KPIs, are forwarded to subsequent CMF
components for resolution. Second, for cases where xApps
suggest identical or near-identical actions but differ in
predicted outcomes (due to distinct internal models or reward
structures) the CMF leverages the NDT to evaluate the utility
of each action. This dual mechanism allows COMIX to
robustly handle both explicitly conflicting control actions and
semantically divergent decisions inmulti-objective scenarios.

C. END-TO-END WORKFLOW FOR PRE-TRAINED xApp
To concretely demonstrate the information flow in the
COMIX framework, this subsection presents the stepwise
workflow to integrate a hierarchical and iterative decision-
making under the presence of conflicts [32]. The workflow
is depicted as sequence diagram in Fig. 8, highlighting
the interactions among the key components of the O-RAN
ecosystem, namely the SMO (Non-RT RIC), Near-RT RIC,
DRM and EE xApps, CMF, and the RAN environment (DU,
RUs, UEs). The main phases and steps are the following:

Phase 1 - Activation of xApps: Upon operator request
towards the Near-RT RIC’s xApp Catalog, DRM and EE
xApps are activated for purposes of DRL model inference.
Once activated, these xApps begin functioning as the primary
DRL agents in the workflow.

Phase 2 - Policy Enforcement by SMO: Then, SMO
(Non-RT RIC) enforces the conflict resolution policies onto
the Conflict Resolver component. These policies define how
potential conflicts should be resolved based on operator-
defined objectives, such as prioritizing throughput or energy
efficiency (see Section IV-B). Conflict Detector component
subscribes to RIC Database to collect real-time RANmetrics.

Phase 3 - Initial State Fetching: The DRM and EE xApps
retrieve the initial RAN metrics, such as the associated RUs
and RBs of the UEs and CQI values, from the RIC Database.
This ensures that xApps have the necessary information about
the current state of the network to make informed decisions.

Phase 4 - xApp Inference and Action Proposals: Both
xApps independently generate power control actions (a1 for
DRM and a2 for EE) based on their DRL policies, as defined
in (3) and (4). These proposed actions are then sent to the
Conflict Detector for conflict assessment.

Phase 5 - Conditional Conflict Resolution: Conflict
Detector assesses the proposed actions as described in Fig. 3.
If no conflict is detected, both actions are approved and
sent to the RAN environment for direct implementation. If a
conflict is detected, the Conflict Detector informs the Conflict
Resolver, which interacts with NDT to obtain the evaluation
KPI score of each proposed action. The NDT simulates
the impact of both actions on the network, considering
metrics such as those presented in Section IV-B. Based on
these evaluations and the enforced policies, the Conflict
Resolver selects the optimal action and applies it to the RAN
environment through the Action Taker.

Phase 6 - Action Application in the RAN: The final
action, resolved or approved, is applied in the RAN
environment (DU or RUs). This adjusts the power levels of
the RUs according to the chosen policy, ensuring efficient and
conflict-free operation of the network.

Phase 7 - KPI Reporting: Using RIC Database, the RAN
environment continuously reports KPI metrics, such as QoS
performance, throughput, and energy consumption, back to
the SMO. These reports allow the SMO to monitor network
performance and refine its policies over time if needed.

Noteworthy, while the validation in this study focused on
two conflicting xApps, the COMIX framework is inherently
generalizable to more than two active xApps. Specifically, the
Conflict Detector operates over the full set of input control
parameters and affected KPIs for each xApp, forming clusters
of overlapping influences. This enables the detection of direct
and indirect conflicts across multiple xApps simultaneously.
Additionally, the Conflict Resolver is also agnostic to
the number of candidate actions and applies policy-based
evaluation to select the most appropriate one based on the
specified objective (e.g., throughput, energy efficiency, SLA
satisfaction). The use of the NDT further supports this
generalizability, as it can simulate and score any number of
candidate actions in parallel before deployment.

V. CONCLUSION
A. WORK SUMMARY
This work presents COMIX, a comprehensive Conflict
Management framework for Multi-Channel Power Control
in O-RAN xApps. The framework addresses the critical
challenge of managing conflicting objectives among xApps
operating on the Near-RT RIC. It also integrates a CMF
component for detecting and resolving conflicts and lever-
ages the NDT to simulate the impact of xApp actions
before their deployment in the live network. The framework
is demonstrated using two DRL-based xApps, namely
the DRM and EE xApps. Realistic multi-channel power
control scenarios are used for validation process, where
various conflict resolution policies are evaluated. The results
showcase the effectiveness of power consumption-aware
policies in achieving significant energy savings and balanced
optimization objectives, outperforming baseline throughput-
centric resolution policies and CMF-free methods.

B. KEY CHALLENGES AND LIMITATIONS
While COMIX demonstrates promising results in resolving
xApp conflicts through the integration of CMF and NDT,
several limitations should be underlined. First, the centralized
nature of the CMF may introduce a processing bottleneck
as the number of conflicting xApps increases, potentially
impacting scalability and real-time responsiveness. This may
be resolved by considering multiple COMIX frameworks
across distributed Near-RT RICs and RAN domains, while
allowing for inter-domain coordination [33]. Second, the
framework assumes an accurate NDT implementation, which
may not perfectly replicate the dynamic behavior of a live
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RAN under all conditions. This limitation could be mitigated
by coupling COMIXwithmany recent frameworks proposing
adaptive and accurate NDT platforms, as in [27], [30]. Third,
future work should focus on deploying COMIX in real
O-RAN testbeds to assess hardware-specific performance
constraints and communication over real and open interfaces.
This can be facilitated through collaborations with open
testbed initiatives and integration with open-source O-RAN
platforms such as those presented in [30], [34], and [35].

C. WORK EXTENSIONS
Future extensions of this work could further enhance the
applicability and robustness of the COMIX framework.
First, although architectural principles are generalizable, the
incorporation of additional xApps introducing direct, indirect
and implicit conflicts and targeting diverse objectives, such
as latency minimization or fairness, could broaden the
scope of the proposed framework. Second, the introduction
of adaptive conflict resolution policies, informed by real-
time network dynamics and powered by advanced machine
learning techniques, could further improve decision-making.
Third, COMIX can incorporate resolution policy selection
mechanisms that dynamically choose policies based on
real-time conflict patterns or historical xApp performance.
This would allow the framework to better respond to
evolving network conditions and optimize conflict resolution
accordingly. Finally, given that conflicts are resolved based
on NDT-oriented metrics, elaborating on how NDT could
continuously provide accurate representations of the real O-
RAN system remains of paramount importance.
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