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The MonB5G concept

A hierarchical, fault-tolerant, automated data-driven network
management system that incorporates security as well as en-
ergy efficiency as key features, in order to orchestrate a mas-
sive number of parallel network slices and significantly more
diverse types of services in an adaptive and zero-touch way.

Project goal

A zero-touch management and orchestration in the support of
network slicing at massive scales for B5G and 6G networks.
It proposes a novel autonomic management and orchestration
framework, heavily leveraging distribution of operations to-
gether with state-of-the-art data-driven AI-based mechanisms.

System architecture

• MonB5G architecture splits the centralized management sys-
tem into several management sub-systems, distributing both
the intelligence as well as the decision making across vari-
ous components. Each technological domain may have one
or several distributed management elements.

• MonB5G framework has been designed for AI-driven, man-
agement and orchestration of massive number of network
slices. It supports operations of fault management, self-
healing, self-configuration, performance optimization (in-
cluding energy-saving) and security operations.

• The proposed framework follows the so-called Monitor-
Analyse-Plan-Execute (MAPE) paradigm and is inline with
key ETSI ZSM and ENI requirements.

Figure 1: The MonB5G vision of a decentralized management

The AI-driven, multiple MAPE loops are used for level-
specific, control loop-based optimization. Each such loop is im-
plemented by the use of a pipeline composed of MS, AE, DE
and ACT. Only AE and DE are AI-driven.

Figure 2: MonB5G operations pipeline

These three components present different levels of instantia-
tion that can be used according to the target scope of analysis
and decision where the aim is to minimize the raw data exchange
and allow a fast local analysis and decision

• The Monitoring System (MS) is the entity responsible for
gathering a set of different metrics from the systems that the
DE is controlling.

• The Analytics Engine (AE) performs time-series predictions
as well as feature space regressions, clustering and classifica-
tion to extract insights from the measurements collected by
the MS.

• The Decision Engine (DE) decides the lifecycle management
(LCM) actions that need to be applied to face the issues de-
tected by the AE. It may also control the MS measurement
granularity or the AE prediction parameters.

Monb5G Monitoring System
Observing the network, an essential concept in the MonB5G ar-
chitecture, is implemented by the MonB5G Monitoring System
(MonB5G-MS). MonB5G-MS is a distributed monitoring sys-
tem developed in a Container Infrastructure System which is
implemented by Kubernetes.

The architecture of the MonB5G-MS is shown in Figure 3,
where the main concept is the sampling loop which is imple-
mented by the sampling functions. The manager is responsible
for the life-cycle management of the sampling functions. The
gathered telemetry data is available for AE/DE via the q and db
interfaces. These components communicate via the bus of the
MonB5G-MS which is implemented by Kafka.

Figure 3: The Architecture of the MonB5G-MS

MonB5G-MS is a platform which should be instructed via the
m interface to launch the sampling function which is shown
in Figure 4. In the first step, bus topics are configured while
MonB5G-MS is deployed. In the second step, the user requests
a sampling loop via submitting a configuration file. After vali-
dating the configuration, the manager generates the correspond-
ing deployment instructions which are passed to K8s. When the
sampling function, implemented as a VNF, is deployed in the
cluster, it enters the operation stage where periodically samples
the configured telemetry data and publishes it in the bus.

Figure 4: The Workflow of the MonB5G-MS

This platform can be used to monitor a wide range of teleme-
try data. Indeed, as long as a Embedded Element Monitoring is
available, it is possible to develop and deploy the corresponding
sampling function which implements the eem-nbi interface.
In this demo, we use this platform to monitor a pilot 5G net-
work, deployed in the testbed of CTTC, where different metrics
are gathered from VNFs, 5G Core, 5G RAN and also UE. The
deployed architecture is shown in Figure 5.

Figure 5: Deployed MonB5G-MS for Monitoring a Pilot 5G Network

Scalable Analytics Engine (AE)

Figure 6: Proposed Network architecture

• B5G RAN-Edge topology under per-slice CU/DU functional
split. Each TRP is co-located with its DU.

• Each CU consists of a MS and an AI-enabled slice resource
allocation function called AE.

• Each CU k (k = 1, . . . , K) performs slice-level RAN KPI
data collection to build its local datasets for slice n, i.e.,
Dk,n = {x(i)k,n, y

(i)
k,n}

Dk,n

i=1 .

• An operational subsystem (OSS) server, located at the cloud,
plays the role of FL model aggregator.

• Each AE estimates the required amount of resources to ensure
low SLA violation.

Figure 7: Local dataset. Features and outputs

SLA-Driven Stochastic FL policy
• An SLA is established between slice n tenant and the infras-

tructure provider so that any assigned resource to the tenant
should not exceed a range [αn, βn] with a probability higher
than an agreed threshold γn.

• To deal with the FL resource provisioning task at the local
AEs, we formulate the corresponding SLA-constrained opti-
mization problem under the proxy-Lagrangian framework and
solve it via a non-zero sum two-player game strategy.

• To ensure scalability under massive slicing, we design a novel
SLA-driven stochastic FL policy.

• Based on the probability distribution, only subset of AEs will
participate on the FL task in each round. AEs with low
SLA violation are given a high probability of FL participa-
tion (softmin-based policy).

Figure 8: Proposed policy for AE selection.

• A subset of active AEs is selected for FL round based on their
SLA violation rate.

• FL training has been significantly stabilized while minimizing
the convergence time.

• This approach reduces the computational burden and the com-
munications overhead. It provides a significant energy effi-
ciency gain compared to an SLA-constrained centralized DL
algorithm, paving the way to sustainable massive network
slicing.
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