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Abstract

Conflicting goals of self-organizing components in O-RAN open, modularized architectures present a major issue for the
management of telecommunications networks. The use of autonomic network control results in individual management
applications making real-time reconfigurations to the network without user intervention. A major unresolved challenge
presents as each autonomic agent operates with its own specific goals, resulting in potential conflicting actions. Many
orchestration techniques have been proposed to avoid deploying components that do not work together harmoniously due
to competing goals and effects. However, efficient operation of a telecommunications network involves trade-offs between
competing goals. This paper proposes the CAMINO - Contextually Aware Mediation of Intent for Network Orchestration
architecture as an extension to the O-RAN Software Management and Orchestration (SMO) function. CAMINO preemptively
detects conflicts between the individual reconfiguration actions of competing components. CAMINO implements a novel,
contextual, enhanced intent-based architecture utilizing information from non-traditional sources to determine how to resolve
the conflict. CAMINO facilitates the operator’s intent for the network through analysis of both telecommunications data sources
and external data sources, i.e., weather, traffic, planned events, incident information. CAMINO preemptively detects conflict
between the competing actions of autonomic network configuration functions. Reconfiguration actions in the network that are
predicted to cause degradation of Key Performance Indicators (KPIs) can be over-ridden using preemptive conflict detection.
CAMINO specifically targets predicted network degradations that conflict with the current intent of the network operator, are
contra-indicated by telecommunications data sources, or are assessed as being incompatible with current conditions in the
operating environment.
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1 Introduction

Conflicting goals of self-organizing components in open
modularized architectures such as O-RAN are a major
issue for telecommunications network management. The
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use of autonomic network control means that individual
management applications are making real-time reconfigu-
rations to the network without user intervention. Where each
autonomic agent operates with its own specific goals, the
potential for these agents to implement conflicting actions
is a major issue that has not yet been resolved. This situa-
tion is particularly prevalent in O-RAN as separate functions
are normally implemented to optimize specific aspects of
network operation. For example, latency reduction func-
tions may conflict with bandwidth optimization functions
by prioritizing latency-sensitive traffic, which can reduce the
bandwidth available for other services. Similarly, a conflict
could exist between energy efficiency optimization func-
tions, such as applying sleep modes to underutilized cells,
and network performance optimization functions which aim
to maximize cell availability and responsiveness.
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Several techniques have been proposed to avoid the
orchestration of non-harmonious components. Methods for
the detection and mitigation of conflicts between components
of O-RAN architectures such as rApps and xApps have been
proposed. Chapter 2 details current research in this area and
the capabilities and limitations of existing approaches. Most
of the previously proposed methods for conflict handling are
not preemptive and most do not consider intents. Where the
proposed methods act preemptively, the action is taken on
a system orchestration level whereby individual xApps are
disabled when their effects are found to be in conflict.

Telecommunications networks often operate under strin-
gent Service Level Agreements (SLAs), such as the ’5
9s’ standard (99.999% availability), which demands near-
perfect reliability. Conflicting actions by autonomic agents
risk violating these SLAs, necessitating preemptive con-
flict resolution to maintain compliance. This paper proposes
CAMINO, an algorithm for Contextually Aware Mediation
of Intent for Network Orchestration. The CAMINO algo-
rithm applies a fine-grained approach to the issue of conflict
handling in O-RAN by leveraging contextual information
and the intents of the network operator. CAMINO proposes
a preemptive method of conflict detection using contextual
data from external sources that give insight into the cur-
rent operating environment of the network and introduces
an intent-based system that is aware of the operator’s current
priorities and intentions for the network. The use of contex-
tual environmental information and intents for the network’s
operation allow conflict to be handled and resolved in a way
that is adaptive to changing conditions and priorities.

2 Related Work

In addition to these conflict detection and mitigation stud-
ies, schemes have also been proposed to determine a generic
method for determining optimum configuration parameter
settings in telecommunications networks. These include [1]
which uses deep generative graph neural networks to detect
mis-configurations.

Orchestration Based Conflict Mitigation These studies han-
dle conflict by orchestrating the deployment of the conflicting
management functions. In contrast, CAMINO transparently
addresses individual conflicting actions, rather than sanction-
ing the entities that are conflicting.

[2] proposes an Orchest-RAN scheme, in which network
operators can specify high-level control objectives in the
Non-Real Time RAN Intelligent Controller (Non-RT RIC)
of the O-RAN architecture to sort out the optimal set of data-
driven algorithms and the best location to deploy them in
order to fulfill the provided intent. The work presented here
focuses on selecting the appropriate machine learning mod-
els and their execution locations for given inputs from the
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operator, it does not address conflicts between the actions of
rApps or XApps.

[3] proposes a novel, intent-driven intelligent control and
orchestration scheme based on hierarchical reinforcement
learning. The proposed scheme can orchestrate multiple
rApps or xApps according to the operator’s intent to optimize
certain key performance indicators (KPIs), such as through-
put, energy efficiency and latency. It applies intent to the
orchestration of xApps and rApps and achieves its results by
turning XxApps and rApps on and off. It does not operate on
the individual actions taken by the each of the xApps and
rApps so it is operating on a lower level of granularity than
the solution proposed in this paper.

[4] addresses conflict detection and handling in wireless

networks managed by policy-based network management. It
operates by re-apportioning network bandwidth to various
policies based on their level of conflict.
Post-Facto Conflict Detection These studies identify con-
flicts that have already occurred by detecting the detrimental
effects of the conflicts in the running network. CAMINO acts
preemptively to anticipate and avoid KPI breaches.

[5] defines a conflict mitigation framework in the O-RAN
architecture to resolve all conflict types defined in the O-RAN
Alliance’s technical specifications. However, the methods
outlined do not preemptively detect conflicts and require sep-
arate methods for each category of conflict detection and
manual configuration of parameter groups.

[6] proposes a conflict mitigation system that applies game
theory to the issue of conflict in the O-RAN architecture. It
relies on the definition of related parameter groups to detect
indirect conflict and is activated when KPI have already
breached their thresholds.

[7] aims to mitigate the conflicts between xApps in

0O-RAN’s Near-Real Time RAN Intelligent Controller (Near-
RT RIC) with team-learning methods to increase cooperation
between xApps. It compares the team-learning approach
with independent deep Q-learning in which network func-
tions individually optimize resources. No generic method for
all types of conflict is provided, and extensive collaboration
between agents and awareness of the intentions of individual
agents are required.
Rules-Based Conflict Detection These studies rely on pre-
configuration and parameter specific rules for the detection
of conflicts in telecommunications network management sys-
tems. While CAMINO uses pre-determined rules to predict
the effects of contextual information on KPI effects the
primary conflict detection is carried out generically and trans-
parently detects all types of conflict including indirect and
implicit.

[8] uses game theory to detect possible conflicts between
intents based on a preconfigured assignment of network
parameters to detect and remove possible conflicts.
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[9] demonstrates preemptive detection of conflicts between
multiple autonomous agents but relies on manually defined
rules to decide how to resolve these conflicts.

Intent-Based Conflict Detection These studies consider the
role of a network operator’s intent when managing configu-
ration conflicts.

[10] demonstrates a framework for managing network
slices in 6G open RAN architectures with an intent-driven
approach and applies conflict detection to these intents by
formalizing the intents in natural language.

[11] proposes an extension to the O-RAN SMO archi-
tecture to incorporate a component for conflict detection.
This component can predict when configuration changes are
likely to degrade network performance. The purpose of this
approach is to safeguard the actions taken by autonomic man-
agement agents against unintended effects. The approach
involves the use of two levels of clustering based on cell sim-
ilarity and cell configuration to produce predictions based
on statistical correlation with network performance. How-
ever, the volume of configuration changes made in modern
telecommunication networks can be so large that it is imprac-
tical to guard against any degradation of the KPIs. The output
of the conflict detection component would be of greater value
to a network operator if it could be combined with other fac-
tors that could better detect conflict in the context of current
network operating conditions and the network operator’s cur-
rent intents for the network.

3 System Overview
3.1 Introduction

Constant optimization of the network is the purpose of a
closed-loop control function such as those provided by rApps
in the O-RAN Non-RT RIC. It may result in a change in
network behavior which can also be measured in terms of
Key Performance Indicators (KPIs). The O-RAN Alliance is
actively developing standards around conflict detection and
mitigation and [12] describes requirements for a conflict mit-
igation framework at the Near-RT RIC based on the O-RAN
E2 interface, but it does not yet cover aspects of conflict mit-
igation specific to the Non-RT RIC or related to the O-RAN
O1 (OAM related) and A2 (policy related) interfaces.
Configuration changes carried out to achieve network opti-
mization may also result in KPI degradation. To protect
network performance, there should be a mechanism to pre-
dict whether the optimization change is likely to result in any
degradation in KPIs based on the analysis of the dynamic and
static state of the running network in the context of its KPIs.
The Intent Layer allows operators to define localized KPI
targets, including SLA-critical metrics like 99.999% avail-
ability. CAMINO evaluates proposed configuration changes

against these thresholds, ensuring conflicts do not compro-
mise SLA adherence.

The CAMINO architecture proposes a method for tak-
ing predictions about whether a proposed reconfiguration is
likely to negatively impact KPIs in the system (as proposed in
[11]) and analyzing them in the context of the intent of the net-
work operator for specific areas and aspects of the network.
The CAMINO architecture will assess whether or not these
degradations are acceptable based on the intent of the network
operator. Additional data is consumed from external sources
such as weather, traffic and event and incident data sources
and the CAMINO architecture will assess whether the pre-
dicted KPI degradations are unavoidable based on prevailing
conditions in the network’s operating environment. Telecom-
munication data sources are also examined by CAMINO and
consideration is given to whether parameter changes of this
type have been rolled back after being applied to similar cells
under similar conditions.

When the coverage in area of the network is shut down
intentionally (for example, due to a natural disaster), the
high-level intent-based supervision mechanism will assess
that predicted KPI degradations for handover capability from
surrounding cells should be disregarded so that resources in
those areas are not misallocated by attempting to provide
service to areas where coverage is intentionally turned off.

The solution also proposes a dynamically changing
weighting which can be provided to rApps in the Non-RT
RIC of the SMO which can inform them of the extent to
which they should be sensitive to changing traffic patterns
currently being experienced compared to learned expected
traffic patterns for the time of day. An outline of the stages
involved in the CAMINO architecture is shown in Figure 1.

3.2 System Model

Data Ingestion Layer The Data Ingestion Layer interfaces
with performance and configuration data from the telecom-
munication network and the telecommunication network
management system. The relevant information is stored in
the CAMINO database for further processing required by
the CAMINO functions.

Pre-Processing Layer The Pre-Processing Layer uses the
performance and configuration data to create a cross-
correlation for key elements of each entity in the network’s
configuration and operating environment. A similarity index
based on key performance and configuration metrics is pro-
duced for each pair of entities in the network, or network slice
or segment managed by the CAMINO system. This similarity
information allows clusters of similarly configured entities
operating under similar conditions to be created. These clus-
ters of similar entities allow the effects of configuration
changes to be predicted with a high degree of confidence.
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Fig.1 CAMINO Architecture Outline

This concept is introduced in the context of telecommunica-
tions cells in [13].
KPI Degradation Prediction Layer

The KPI Degradation Prediction Layer (KDPL) receives
proposals of configuration changes from autonomic reconfig-
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uration rApps in the O-RAN Non-RT RIC and analyzes their
contents for possible negative effects on KPIs. The KDPL
receives Parameter Change Requests from the autonomic
network configuration applications and assesses whether
the proposed change to the configuration parameter is pre-
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Fig.2 KPI Degradation Prediction Flowchart

dicted to cause KPI degradation. Using the clusters of similar
network entities defined in the Pre-Processing Layer these
clusters are grouped depending on the current parameter
settings. Groups are created for entities with the configura-
tion parameter set to the existing value before the proposed
change, the proposed value after the change, and enti-
ties which have a value other than either of these are not
considered in this process. The marginal effect of the rele-
vant configuration parameter on network KPIs in otherwise
similar entities is thus assessed, and a prediction of KPI
degradations is made. For example, rain-induced attenua-
tion may degrade SNR, increasing BLER beyond thresholds.
CAMINO?’s rules prioritize retaining a 99.999% availability
SLA by penalizing changes exacerbating the degradation of
weather-dependent KPIs in high-availability zones. This pro-
cess is described in Figure 2.
Data Augmentation Layer At the Data Augmentation Layer
the system will use additional data sources to assess how to
treat each of the detected conflicts and will contain adapters
for the data sources used as shown in Figure 3.
Telecommunication data sources are examined for exam-
ples of previous application of prior configuration changes
of a similar type. If it is discovered that these types of
configuration changes are frequently rolled back under sim-
ilar circumstances, then this information can contribute to
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Fig.3 Data Augmentation Layer

a decision at the Output Generation Layer not to allow the
configuration parameter change in question. Conversely, if
through consumption of road traffic, weather, or planned
event information, it appears that the number of users in an
area is likely to be higher than normal then this information
can be used, for example, to contribute to allowing a config-
uration change such as an increase to cell power despite the
fact that a negative impact on energy efficiency KPIs may
have been detected by the KDPL.

Intent Layer The Intent Layer consists of an Intent Interface
(IT) through which the operator indicates:

1. Areas of the network where specific KPI targets are
changed from the standard for the network.

2. Any areas of the network where coverage is intention-
ally removed.

3. Any situation where traffic is expected to differ from
learned daily patterns by means of a weighting where 1.0
means that traffic conditions are expected to return to normal
if they diverge from expectations and 0.0 means that learning
about traffic conditions for the time of day should be disre-
garded and that the rApps should adapt to the current traffic
conditions as much as possible.

The 1II is configured by the operator with expectations
for normal behavior for specific times and specific areas.
Changes in the coverage goals for specific areas and in KPI
targets for specific areas are also configured by the operator.
The Output Generation Layer will use this information to
assess whether the predictions of KPI degradation obtained
from the KDPL as proposed in [11] should be disregarded or
not.

The II also allows configuration of a weighting that can be
used to adjust the Output Generation Layer’s sensitivity to
network traffic patterns that differ from the learned patterns
for the time of day.

@ Springer



96 Page6of16

J. Armstrong et al.

Intent Layer

Coverage
Goals
Full

None T

KPI
Targets
cl KPI 1: 99.8%
KPI 2: 40ms
KPI 3: 85%
Time of change
Calendar Selector

Self-Healing
Factort
—Q

0.0 1.0

Fig.4 Intent Based User Interface

This information will be used to better inform the actions

of rApps controlling resource and power allocation, beam-
forming and management, cell sleeping, traffic steering, etc.
An example of what can be configured in the II is shown in
Figure 4.
Output Generation Layer The Output Generation Layer
consists of an Information Augmented Conflict Detection
(TACD) component to be deployed in the Non-RT RIC of
the O-RAN architecture, Internally the IACD aggregates
incoming conflict predictions from the KDPL based on their
location and with information from the network topology on
adjacent cells and neighboring cells in the Radio Access Net-
work (RAN). Where the configuration changes which have
been identified by the KDPL as possibly conflicting are likely
to affect each other because they are in the same geographical
area and will impact the same users of the service, they are
handled by the IACD together and a decision on each is made
based on the combined impact of the aggregated configura-
tion changes. The provided intents are then considered; each
KPI predicted by the KDPL to be affected by the change is
evaluated in the context of the localized KPI goals, network
sensitivity, and factors described by the external data sources.
The historical impacts of the proposed changes are analyzed,
which also contributes to the final weighting of the proposed
configuration change, as shown in Figure 5.

3.3 Reference Architecture
The architecture of the complete CAMINO architecture,

which incorporates the components described in this chapter,
is described in Figure 6.
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4 Proposed Method

The CAMINO architecture allows for the predicted KPI
degradation effects of a proposed change to Configuration
Management (CM) parameters to be assessed in the context
of the operator’s intents for the network and current environ-
mental data such as weather and road traffic conditions. The
IACD component within the CAMINO architecture inter-
faces with these additional data sources and produces a
decision on whether to accept or reject the proposed CM
change. The assessments of these CM changes within IACD
are implemented as a set of rules that considers a range of
factors including the trade-offs between the effects on each
KPI notified from the KDPL, the global and local targets for
each KPI, a prioritization of KPIs and the contribution of con-
ditions in the current operating environment to the predicted
effects on network. Where there are missing or conflicting
contextual data the IACD can revert to KPI based evaluation
while logging the absence of these inputs to provide explain-
ability to the operator.

Weather has been shown to have a pronounced effect on
signal propagation in telecommunications networks. Studies
such as [14] and [15] both describe the attenuation caused
by rain on the high-frequency signals used in modern RANS.
[16] addresses the effects of temperature and wind speed on
signal strength in RANs and the consequences for telecom-
munication functions such as handovers and call drop rates.
For increases in PCR, heavy rainfall, for example, is shown to
have a greater impact on radio signal propagation at remote
cell edges [17], therefore, CAMINO penalizes PCR increases
by a weighting on the measured rainfall, while the algorithm
rewards reducing PCR at times of heavy rain especially with
respect to retainability KPIs.

The effects of road traffic conditions on the performance
of telecommunications networks have been an issue dis-
cussed in the literature for many decades. [18] considers the
effects of road traffic flows, densities, and speeds on the qual-
ity of telecommunication links and call handover success
rates. [19] investigates vehicular communication and makes
a comparison of 4G Long Term Evolution (4G LTE) and
5G technologies, particularly in the area of latency. Changes
in Positioning Cell Radius (PCR) also affect Utilization and
Reliability KPIs. The effect on these KPIs is influenced by
the distribution of users in a cell’s area. Factors such as traffic
congestion measured by CAMINO can indicate the exis-
tence of areas of high user density within a cell and also
the mobility of the users (i.e., their low speed or station-
ary state while in a traffic jam). Based on the investigations
in [20] of the effects of road traffic on inter-cell handovers
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Fig.5 Output Generation Layer
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CAMINO’s algorithm rewards PCR increase in the presence
of high traffic congestion. A larger PCR means the base
station has a wider coverage area, which can lead to more
consistent signal quality across a broader area. In clustered
traffic scenarios, where many users are packed into a small
area, this can help reduce inter-cell interference by minimiz-
ing the number of handovers between cells, allowing the users
to stay in the same cell longer. With reduced interference from
neighboring cells, the scheduler in the base station can more
effectively manage the available resources (PRBs), allocating
them to users in a way that avoids congestion and exces-
sive PRB usage. These positive effects on Utilization and
Reliability metrics are considered by CAMINO when evalu-
ating the predicted effects of a change to PCR. Rain-induced
attenuation at mmWave frequencies can degrade Signal to
Noise Ratio (SNR) significantly, increasing Block Error
Rate (BLER) beyond configured thresholds [14][21][22].
Therefore BLER increases are rewarded by CAMINO’s algo-
rithm during heavy rain. Similarly, wind-induced attenuation
as described in [23][24][25] means that BLER increase is
rewarded by CAMINQO’s algorithm when strong wind is
reported. The presence of traffic jams or user hotspots leads
to highly nonuniform user distributions. According to [26],
such clustering increases the stationary user density within
specific coverage regions, resulting in higher channel con-
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tention, increased blocking probability, and reduced Signal
to Interference Plus Noise Ratio (SINR) due to elevated
intra-cell interference. These conditions collectively degrade
coverage and elevate the likelihood of block errors. As a
result, maintaining a strict maximum BLER threshold under
these dynamic load conditions may not be feasible with-
out substantial over-provisioning. Therefore, relaxing the
maximum allowed BLER during hotspot-induced congestion
can provide a more balanced trade-off between reliability
and throughput and CAMINO’s algorithm rewards BLER
increases in the presence of traffic jams in the cell area.

These weather and road traffic contextual data can affect
each KPI to different extents. For example, even within the
Accessibility KPIs the weather effects differ between the
Random Access (RA) Success Rate KPI and the RA Success
Rate Message 1 KPI. This is because contention, bad cover-
age, or scheduling delays are more likely to affect Messages
2-4 in the RA procedure.

The IACD component also considers intents from the net-
work in terms of KPI targets and priorities. The II allows
the user to set area and time-specific KPI targets which can
override the global KPI targets for the network. The II also
allows area-specific coverage goals to be set and can set a
self-healing factor for areas in the network that reflect the
extent to which the conditions for the network are expected
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Fig.6 CAMINO Reference Architecture

to be consistent with previously learned conditions for the  ing the probable loads on a network are expected in an area,
time and the day of the week. If unusual circumstances affect- ~ for example due to a public holiday or a forecast of extreme
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weather conditions, then this factor will inform the IACD to
be more dynamically adaptive to conditions and discount the
contribution of learned network traffic patterns to the deci-
sion on whether to accept or reject a proposed CM change.

A set of generic and domain-specific rules were created
to demonstrate how the architecture presented in this paper
can make decisions on proposed CM changes in the net-
work which avoid conflict between competing network goals.
These rules were then used in the framework to illustrate how
a fully implemented system using the components described
in the previous chapters handles specific scenarios compris-
ing proposed CM changes in the context of different network
intents and operating environment conditions.

5 Results

To demonstrate the capabilities of CAMINO, we analyzed a
set of possible CM changes to an 800-cell LTE network for
their predicted effects on a range of KPIs using the KDPL.
The CM changes considered in the test scenario included
changes to the Power Boosting values (PB), the maximum
target Block Error Rate (BLER), enabling or disabling sup-
port for IOT devices (CATM1 support) and adjustments to
the Positioning Cell Radius (PCR) parameter.

Baseline weather and road traffic conditions were col-
lected for several weeks to allow anomalous weather and
traffic conditions to be identified. A database was created
and populated with weather and traffic data from open APIs
for each location in the radio network that was analyzed.
The weather API used was [27] and the traffic API used was
[28]. In a production system redundant feeds for external data
sources should be used for failover to remove dependence on
third party infrastructure.

The predicted KPI effects and additional information
about the network goals and intents, and also the current
operating environment conditions were then used to create
an algorithm to make an overall assessment of the proposed
CM change. Factors such as whether the KPI is expected to
improve or degrade and what the predicted KPI value will be
relative to its target value are considered. The KPI’s priority
and the specific interactions of each type of KPI with chang-
ing weather and road traffic conditions are also factored in
the overall KPI scoring equation. These specific interactions
are important to consider because each type of proposed CM
change has different interactions with weather and road traf-
fic conditions.

An aggregated score is produced for each of the KPIs
affected by a proposed CM change, and the contribution of
KPI target, weather, and traffic effects are evaluated sepa-
rately to aid in the explainability of the algorithm. Finally,
an overall score for the proposed CM change is calculated,

which leads to the output of an approval or rejection of the
CM change.

For example, increasing the maximum target BLER for
a cell could increase Physical Resource Block (PRB) uti-
lization, but where traffic congestion is high, maintaining
a low PRB utilization is of low priority. Weather effects
also affect the calculation. In Figure 7 it can be seen that
anomalous weather conditions also contribute to the addi-
tion of a significant negative impact on accessibility KPIs. In
this case, although the predicted changes to KPIs are over-
all positive and traffic-related impacts are small but positive,
the IACD reached a negative conclusion on approval of the
proposed CM change due to the contribution of weather-
related impacts to the scenario. This demonstrates the value
of including additional sources of information in the algo-
rithm.

Figure 8 employs a forest plot to display the estimated
mean differences for each KPI prediction, with 95% Con-
fidence Intervals (Cls) represented as error bars. The plot
encodes:

— Point estimates (dots): Magnitude and direction of
change.

— Confidence intervals (horizontal lines): Precision of esti-
mates; intervals not crossing zero (dashed line) indicate
statistical significance (*p* < 0.05, marked with aster-
isks).

— Effect direction: Points above zero (positive differences)
are predictions of increases in the KPI and points below
zero are predictions of decreases in the KPI. Each of
which may imply improvement or degradation based on
the specific KPI (e.g., decreases in latency represent an
improvement).

— Statistical context: The CIs and *p*-values derive from
Welch’s independent samples *t*-tests, which account
for potential unequal variances between groups. Nar-
rower Cls reflect greater precision (e.g., due to larger
sample sizes or lower variability).

Figure 9 visualizes includes standardized effect sizes
(Cohen’s d) to complement the null-hypothesis testing in
Panel A. Cohen’s d quantifies the difference between groups
in standard deviation units, providing a scale-free measure
of practical significance:

Calculation:

. Mean Difference
" Pooled Standard Deviation

D

where the pooled standard deviation combines variability
from existing and new configurations:
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indicate congestion, which could lead to lower user activity
and fewer requests, which in turn has a positive impact on the
success rates for accessibility KPIs. This is shown in Figure
10. Despite the positive contributions of both predicted KPI
effects and traffic-related impacts, the proposed CM change
is rejected by the IACD due to the expected negative impacts
on network performance due to the contribution of weather
conditions. Decisions to reject power reductions (e.g., Figure
10) reflect CAMINO’s SLA-aware logic, where traffic con-
gestion’s impact on accessibility KPIs could breach 99.999%
availability targets if unmitigated.

Mean difference and effect size for this configuration
change are displayed in Figure 11 and Figure 12.

In another example involving a proposed configuration
change that increases the positioning radius of a cell, there
are varying effects on the KPIs predicted by the KDPL. Here,
the weather and traffic effects are relatively minor but also
contribute to a rejection decision by the IACD as shown in
Figure 13. An interesting feature of this example is that the
KDPL anticipates an improvement in latency that might not
typically be associated with an increase in cell radius. This
highlights the effect of the similarity clustering carried out
by CAMINO’s pre-processing layer and further described in
[11]. This ensures that the predicted KPI effects of a config-
uration parameter change are specific to the effects observed
on similarly configured cells operating under equivalent con-
ditions. Mean difference and effect size for this configuration
change are displayed in Figure 11 and Figure 12.

While simulations validate CAMINO’s logic, real-world
deployment must account for unpredictable API delays (e.g.,
traffic data lags during outages) and cell clustering stability in
dynamic environments (e.g., urban vs. rural topologies). Pilot
testing with tier-1 operators is planned to assess scalability.

CAMINO is proposed as a basis for extension of the O-
RAN Alliance’s standards development in conflict detection
and mitigation. Therefore, CAMINQO’s outputs quantify the
predicted effects of configuration change proposals that may
cause conflict but the accuracy of the predictions are not
directly compared to other schemes described in Chapter 2.
There is significant value in maintaining KPIs within Service
Level Agreement (SLA) ranges but verification of the accu-
racy of CAMINO’s predictions cannot be determined until
some pilot testing in a real-world deployment can be carried
out.

6 Conclusions and Future Work

In this paper we introduced an architectural extension to O-
RAN for producing predictions of KPI effects coming from
a proposed change to a CM parameter and subsequently fil-
tering these predictions through the addition of contextual
information from the operating environment and the network
operator’s intents for the network. The marginal effects of
various factors affecting whether a proposed CM change is
positive or negative for network performance were measured,
and an overall decision on whether to accept or reject the pro-
posed CM change was produced.

CAMINO allows a telecommunications network to han-
dle trade-offs between competing goals in a fine-grained way.
It operates preemptively on proposed configuration changes
that could cause conflict and adverse effects if they were
implemented in the network. It allows network management
applications with competing goals to operate simultaneously
by accepting or rejecting individual reconfiguration actions
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Fig. 14 pcr increase Mean

KPI Comparison: Mean Differences with 95% Confidence Intervals
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rather than completely disabling applications that cause con-
flict.

The results presented demonstrate the value of CAMINO’s
inclusion of additional contextual information and its use of
similarity clustering to predict KPI effects. Individual KPIs
are differently affected by aspects of the operating environ-
ment, such as weather conditions and levels of road traffic.
CAMINO allows these factors to be considered when predict-
ing the future performance of the network under different
configuration conditions. These results are not currently
verified in a real-world deployment such that their effec-
tiveness can be measured. The capbility to mitigate conflict
pre-emptively, however, is a development from the current
O-RAN standards around conflict [12]. CAMINO applies a
generic concept of conflict detection, as well as a method of
conflict mitigation, to O-RAN’s SMO at the Non-RT RIC
level which is an area not currently covered in O-RAN stan-
dards but in line with the principles stated for Near-RT RIC
level conflict mitigation in [12]. Importantly CAMINO also
detects and addresses all three types of conflict defined in the
O-RAN standards.

For future research directions, our aim is to explore the
applicability of this approach in a dynamic environment
where the system can apply machine learning to create a
model based on the actual effects of the CM changes that
have been carried out. This will allow for a more flexible and

generic approach that is less dependent on domain knowl-
edge and is better able to capture the subtle network effects
of implicit conflicts in configuration settings.

In addition to these findings, it is important to consider the
limitations of the current CAMINO architecture and oppor-
tunities for future enhancement, which are discussed in the
following subsection.

6.1 Limitations and Future Enhancements

While CAMINO demonstrates effective context-aware medi-
ation of conflicting configuration actions in O-RAN, several
limitations and areas for improvement should be acknowl-
edged.

Scalability CAMINQO’s architecture currently relies on clus-
tering similarly configured network entities and applying
rule-based logic to preemptively resolve conflicts. As the
number of network entities and configuration parameters
scales, particularly in dense urban or multi-operator deploy-
ments, this clustering and rule evaluation may introduce
performance bottlenecks. The layered processing of con-
textual data and intent-based decision logic could challenge
real-time responsiveness. To ensure scalability, future itera-
tions of CAMINO should explore hierarchical orchestration
models, distributed compute architectures, or approximate
similarity matching to reduce overhead.
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Dependence on External Data Reliability A core feature of
CAMINO is the ingestion of external contextual data (e.g.,
weather, road traffic, public event information) to enhance
decision-making. However, this introduces a dependency on
the availability, accuracy, and timeliness of third-party APIs
and data sources. If these inputs are delayed, unavailable, or
inaccurate, the reliability of CAMINO’s decisions may be
compromised. To address this, future implementations may
include:

e Redundant data feeds and provider failover strategies.

e Confidence scoring or quality-of-service metrics per data
source.

e Local caching and fallback behavior for critical deci-
sions.

Static Rule System and Need for Adaptive Learning The
current CAMINO rule system, although explainable and
transparent, is manually defined and static. This limits its
responsiveness to emerging network patterns, unseen con-
figurations, or evolving KPI relationships. To address this,
future versions of CAMINO will integrate adaptive rule
generation mechanisms based on machine learning. Two
promising directions are:

e Supervised learning: Training classifiers or regres-
sion models on historical KPI impacts of configuration
changes, conditioned on both internal and external con-
text.

e Reinforcement learning: Enabling CAMINO to learn
dynamic conflict resolution policies by interacting with
the environment and receiving feedback based on net-
work performance outcomes.

These learning-based approaches would allow CAMINO to
evolve over time, generalize across different deployment sce-
narios, and reduce reliance on domain-specific rules.
Hardware constraints Computational overhead of real-time
dataingestion (e.g., weather and traffic APIs) on edge devices
would have to be considered in a real-world deployment.
Integration hurdles Compatibility with legacy O-RAN com-
ponents or multi-vendor deployments needs to be verified
although CAMINO’s design minimizes interoperability con-
cerns.

Latency trade-offs Delays in conflict resolution due to con-
textual data processing could affect CAMINO’s operation in
some deployment scenarios. Latency thresholds for mobile
cell traffic is described in [19].
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Appendix 1: Glossary of Technical Terms

0O-RAN Architecture Components

Term Definition

O-RAN Open Radio Access
Network - Modular
architecture separating
hardware/software for
flexible networks.

Non-Real-Time RAN
Intelligent Controller -
Handles long-term
optimization (minutes to
hours).

Near-Real-Time RIC -
Manages fast control
loops (10ms-1s) for
dynamic resource
allocation.

Service Management and
Orchestration -
Framework for end-to-end
network automation.

RIC Applications for
non-real-time
optimization (load
balancing, energy
efficiency).

Applications for real-time
control (handover
optimization, interference
management).

Self-managing component
that adjusts configurations
without human
intervention.

Connects the Near-RT RIC
to O-CU/O-DU for
real-time control
(e.g., UE-specific QoS
adjustments,
beamforming, slicing).
Standardized by O-RAN
WG3 [30].

Connects the SMO to
O-RAN network functions
(0O-DU, O-CU, O-RU)
for OAM and FCAPS
management.
Standardized by O-RAN
WG6 [31].

Connects the Non-RT RIC
to the Near-RT RIC
for policy-based guidance
(e.g., ML model updates).
Standardized by O-RAN
WG2 [32].

Non-RT RIC

Near-RT RIC

SMO

rApps

xApps

Autonomic Agent

E2 Interface

O1 Interface

Al Interface
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Key Performance Indicators (KPIs)

Term Definition

RA Success Rate Random Access Success Rate - Successful
initial connection attempts percentage.

RA Msgl SR Success rate for Message 1 in random
access procedure.

Latency End-to-end transmission delay.

Cell Availability Percentage of time cell is operational to
users.

PRB Utilization Physical Resource Block usage
percentage.

ERAB Utilization E-Radio Access Bearer active connections
metric.

Retainability Measures call/session drop rates.

Accessibility Connection establishment success metrics.
Throughput Data transmission rate.
Handover SR Percentage of successful handovers

between cells.

SLA A reliability standard typically requiring
99.999% system availability
(5 minutes downtime/year).

Configuration Parameters

Term Definition

BLER Block Error Rate target threshold for data
block errors.

PCR Positioning Cell Radius - Configurable
coverage area expansion.

PB Power Boosting - Transmission power

level adjustment.

Enable/disable support for Category M1
IoT devices.

Vertical angle adjustment of antenna
radiation pattern.

CATM1 Support

Antenna Tilt

CAMINO-Specific Terms

Term Definition

Intent High-level operator goals translated into
network configurations.

External inputs (weather, traffic, events).

KPI Degradation Prediction Layer.

Information Augmented Conflict
Detection engine.

Grouping cells with comparable
configurations
and similar traffic patterns.

Resolving clashes between autonomous
functions.

Contextual Data
KDPL
IACD

Similarity Clustering
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