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Abstract—In the context of advancing 6G, a substan-
tial paradigm shift is anticipated, highlighting comprehensive
everything-to-everything interactions characterized by numer-
ous connections and stringent adherence to Quality of Ser-
vice/Experience (QoS/E) prerequisites. The imminent challenge
stems from resource scarcity, prompting a deliberate transi-
tion to Computing-Network Convergence (CNC) as an auspi-
cious approach for joint resource orchestration. While CNC-
based mechanisms have garnered attention, their effectiveness
in realizing future services, particularly in use cases like the
Metaverse, may encounter limitations due to the continually
changing nature of users, services, and resources. Hence, this
paper presents the concept of Adaptable CNC (ACNC) as an
autonomous Machine Learning (ML)-aided framework crafted
for the joint orchestration of computing and network resources,
catering to dynamic and voluminous user requests with stringent
requirements. ACNC encompasses two primary functionalities:
state recognition and context detection. Given the intricate
nature of the user-service-resource space, the paper employs
dimension reduction to generate live, holistic, abstract system
states in a hierarchical structure. To address the challenges
posed by dynamic changes, Continual Learning (CL) is employed,
classifying the system state into contexts controlled by dedicated
ML agents, enabling them to operate efficiently. These two
functionalities are intricately linked within a closed loop overseen
by the End-to-End (E2E) orchestrator to allocate resources. The
paper introduces the components of ACNC, proposes a Metaverse
scenario to exemplify ACNC’s role in resource provisioning with
Segment Routing v6 (SRv6), outlines ACNC’s workflow, details
a numerical analysis for efficiency assessment, and concludes
with discussions on relevant challenges and potential avenues for
future research.

Index Terms—6G, Deterministic Networking, Computing-
Network Convergence (CNC), Joint Resource Allocation, Meta-
verse, Autonomous Orchestration, Dimension Reduction, Context
Detection, Continual Learning, Machine Learning, and Segment
Routing v6 (SRv6).

I. INTRODUCTION

In the foreseeable future for the 6th generation of com-
munication systems (6G), interrelations are anticipated to
enlarge beyond purely human-to-human connections to include
everything-to-everything interactions. The Metaverse, a virtual
realm of boundless possibilities, is poised for an era of rapid

and explosive expansion. In this digital universe, a diverse
multitude of both physical and digital objects will incessantly
engage, traverse, and coexist within a seamlessly intercon-
nected global network. This dynamic and immersive envi-
ronment is expected to be further amplified by the persistent
growth of connected objects, giving rise to a prolific exchange
of data and generating substantial volumes of upstream traffic.
In essence, the presence of billions of entities operating at
exceptionally high densities, along with the generation of
zettabytes of global data, is expected to be the norm of 6G
[1]. This explosive growth in demand must be acknowledged,
particularly as a substantial portion of this traffic will need to
be transmitted to computing nodes for processing before being
returned to users.

An additional aspect of the swift progress of technology
pertains to the wide spectrum of promising and innovative
services expected to materialize in the near future. One notable
example is the concept of Metaverse as a Service (MaaS),
empowering users to create, host, and manage personalized
virtual environments across various domains like healthcare,
finance, entertainment, and education. When combined with
other capabilities, such as Spatial Computing, facilitating the
convergence of physical and digital realms through Virtual,
Augmented, and Extended Realities (VR/AR/XR) [2] to create
a Digital Twin of a Person (DToP), these combined capabilities
yield hybrid services replicating an individual’s distinctive
attributes and enabling their coexistence in multiple locations,
bridging both digital and physical domains simultaneously. It
is essential to emphasize that these services necessitate strict
adherence to Quality of Service/Experience (QoS/E) standards.
The realization of these services hinges on several Key Perfor-
mance Indicators (KPIs), which include achieving millisecond-
level End-to-End (E2E) latency, an ultra-high reliability rate,
and a peak data rate in the terabit range.

The primary challenge in realizing the envisioned future
lies in addressing the substantial demands on computing
and network resources, coupled with stringent QoS/E re-
quirements, stemming from inherent resource scarcity. A
promising strategy to effectively address this challenge in-



2

Core Datacenter

Regional 
Datacenter

Near Edge

DetNet

New IP
TSN

Far Edge

Central 
Office

TSN

Near Edge IMAC

Far Edge

Holographic 
Meeting Stage

Near Edge

DetNet

Far Edge

Far Edge

Central 
Office

TSN

IMAC

IMAC

TSN

TSN

Core Network Empowered by Time Sensitive 
Networking (TSN), Deterministic Networking (DetNet),

and………………………………………………..Near Edge Nodes (e.g., for Rendering)

Core Computing Nodes (e.g., for 
High Performance Computing)

………………………………………………..

Access Network Supporting Various 6G 
Technologies Empowered by Time Sensitive 

Networking (TSN), Intelligent MAC (IMAC) New IP, 
and………………………………………………….Far Edge Nodes (e.g., for Caching)

Fig. 1. A lakeside holographic meeting room in the Metaverse enabled by a cloud-network integrated infrastructure powered by technologies including
deterministic networking, time-sensitive networking, and intelligent medium access control, with users connected via 6G connections [3].

volves shifting from the prevailing paradigm of ”user ↔
network↔ computing” to a more integrated approach denoted
as Computing-Network Convergence (CNC), symbolized by
”user ↔ <network ⊕ computing>”. This paradigm shift has
garnered significant attention in recent years. Król et al. [4] ex-
plored this concept through Compute-First Networking (CFN),
applying Information-Centric Networking (ICN) principles
to automatically perform traffic routing on network devices
based on data object names. Two complementary approaches,
Compute-Aware Networking (CAN) [5] and Computing Power
Networking (CPN) [1], empower network devices to include
computing nodes’ capabilities and load statuses in their deci-
sions. Zhang et al. [6] proposed a comprehensive CNC archi-
tecture integrating resource allocation for both computing and
network domains. Additionally, Albalawi et al. [7] investigated
a concept similar to CNC, termed Integrated Network and
Compute Allocation (INCA).

The effectiveness of the mentioned joint-orchestration
strategies may face limitations, particularly in use cases like
the Metaverse. An extra complication is the dynamic nature
of user requirements, seamless transitions between services
in virtual realms, and frequent traversal between virtual and
physical environments. In such a dynamic ecosystem, the
live and scalable distribution of complex system states to
network devices, coupled with resource allocation decision-
making, becomes crucial. Existing approaches are unsuitable
for this task due to significant convergence times, potentially
compromising stringent QoS/E requirements amidst numerous
dynamic users and services [1], [8], [9]. This paper addresses
a gap in the existing literature by proposing a Machine Learn-
ing (ML)-based solution for the joint orchestration problem,
considering the dynamic nature of user behavior, service
characteristics, and infrastructure resources. Our proposed
solution, Adaptable CNC (ACNC), seamlessly integrates ML-
based state recognition and context detection across resources,

as well as domain and E2E orchestrators. Utilizing hierarchical
state recognition, ML-based reduction techniques efficiently
handle the complexity of extracting system states from the
vast user-service-infrastructure space for resource allocation.
Through context detection, dynamicity is handled by catego-
rizing reduced yet ubiquitous system states into predefined
contexts, enabling resource allocation agents dedicated to each
context to efficiently converge to optimal solutions over similar
states while maintaining divergence from distinct states.

The subsequent sections are organized as follows: Section
II delves into the problem at hand, elucidating the dynamic
nature of future use cases and the key role of Continual
Learning (CL) in the ACNC framework. Section III pro-
vides a comprehensive description of ACNC, including its
architecture, components, workflow, and a scenario within the
Metaverse. Performance assessment is covered in Section IV,
followed by a discussion on potential challenges and future
research directions in Section V. The paper concludes with
final remarks in Section VI.

II. FUNDAMENTALS

A. The Interwoven Cloud-Network Harmony
In the landscape of future 6G systems, a vision emerges

of integrated, decentralized computing resources spanning in-
network, edge, regional, and central nodes, interconnected by
robust networking technologies. The primary challenge for
facilitating extensive-scale services with copious data through-
put, ultra-broadband connectivity, exceptional reliability, and
minimal latency lies in the precise orchestration of these
resources. Illustrated in Fig 1 is a Metaverse scenario where
users engage in a holographic presence service, participating
in a conference room virtually located on a live lake shore.
To realize this experience, a sequence of steps is undertaken.
Initially, necessary service instances, including rendering, mo-
tion tracking, stereoscopic 3D display, and audio spatialization,



3

are instantiated on available computing nodes. Subsequently,
a comprehensive dataset, encompassing video, audio, and
motion data, is meticulously captured from each user and
injected into the service instances following a predefined order
specified in the service’s function chaining map. Finally, the
resulting rendered content is transmitted to all users for display
on their respective devices, such as headsets.

Traditional resource orchestration methodologies are insuf-
ficient for organizing such integrated infrastructures to execute
such complex scenarios, as they typically operate within
individual domains, neglecting interdependencies among di-
verse domains and resources. In contrast, CNC-based ap-
proaches adopt a holistic perspective, considering the web
of interactions for optimal E2E orchestration and efficient
resource utilization. In the holographic conference scenario,
CNC-based orchestration can integrate network link status,
strategically placing service instances on computing nodes
to leverage shared links and minimize network utilization
for high-bandwidth requests. Additionally, they can mitigate
ripple effects from failures or limited functionality within one
domain on the other. For instance, in the event of congestion in
allocated network links, CNC-based approaches can reposition
service instances to open new, efficient networking opportu-
nities, maintaining strict QoS/E requirements. This adaptive
approach contrasts with conventional methods that attempt
to navigate congested links and seek alternative but merely
feasible paths to the same instance locations.

B. The Horizon of Ever-Changing Services

Despite the commendable performance of joint-
orchestration strategies, they prove inadequate in use
cases like the Metaverse, where the system experiences
constant and multidimensional fluctuations. In the virtual
conference scenario, users may physically navigate, adjusting
lighting or modifying the scene on their virtual 3D monitors,
requiring rapid adaptations in data collection and QoS/E
requirements. In another example, introducing users with
diverse language preferences may necessitate distinct service
instances for audio sampling, translation, and reconstruction.
Moreover, attendees may transition between virtual settings,
such as altering the visual platform from the lake shore to the
assembly line of their factory so that they may conduct an
in-depth analysis of processes, requiring changes in loaded
virtual environments. Dynamism is also introduced by the
underlying infrastructure network devices and computing
nodes, dispersed and operating under distinct administrations
with fluid characteristics. To effectively manage these ever-
changing situations, CNC-based approaches must swiftly
reorganize changes, often within microseconds, ensuring
seamless system operation.

C. The Wisdom of Continuous Conetx-Awareness

Efficient resource allocation in dynamic, complex systems
requires adaptive strategies that can anticipate changes and
respond appropriately in real-time. Traditional ML approaches
frequently face challenges in such environments due to their

inability to effectively manage non-stationary data. The acqui-
sition of new information can undermine previously learned
knowledge, leading to decreased performance on earlier tasks,
a phenomenon known as catastrophic forgetting. CL presents
a promising solution by enabling intelligent agents to con-
tinuously acquire new knowledge while retaining previously
learned information, ensuring accurate decision-making across
diverse system states [10]. To facilitate this, contexts are
introduced in CL, which partition various system states into
distinct categories, each representing a specific configuration
or operational condition. By organizing system states into
finite contexts with dedicated training processes, agents can
specialize in particular scenarios without interference, thereby
mitigating catastrophic forgetting and enhancing adaptability
and responsiveness. Furthermore, the modularity of this ap-
proach allows agents to be trained in parallel across different
contexts, utilizing parallel computing resources to reduce
training time. In this paper, we propose that the current context
can be defined by the existing service instances on computing
nodes. The introduction of new instances or the migration or
removal of existing ones facilitates the transition to a new
context. For example, C1 : {N1 ← I1;N2 ← I2} and
C2 :

�
N1 ← {I3; I4};N2 ← I1

	
, where Ci denotes context

i, Nj represents computing node j, and Ik indicates service
instance k.

III. ADAPTABLE COMPUTING-NETWORK CONVERGENCE

A. The Parties Involved

This paper involves three key parties. The first party, termed
the infrastructure, encompasses the integrated computing and
network resources of future 6G systems, along with their
orchestration components. We assume the infrastructure relies
on established protocols and data formats, ensures that data
exchanged between different systems are secured and accu-
rately interpreted. The second party is the service provider,
responsible for registering services within the system. These
services, illustrated by scenarios like the holographic meeting,
may involve single or multiple instances that communicate
according to a predefined sequence and data format outlined
in the service’s function chaining map specified during reg-
istration. The ultimate participant in the system is the user,
responsible for submitting requests to access registered ser-
vices. Each request requires an E2E connection, establishing
a link between the user and the relevant service instance(s).
This connection manages the transmission of data from diverse
sources (e.g., microphones, cameras, positioning sensors) to
the instances and delivers processed data, such as the live-
rendered holographic meeting scene, back to the user.

B. The Architecture of Adaptable Converged Orchestration

With the consideration of the involved parties, the core chal-
lenge involves the placement of registered service instances
onto computing nodes while simultaneously establishing E2E
paths that facilitate request connectivity and traversing the
required service instances, adhering to stringent QoS/E cri-
teria. The overarching objective is to address this challenge in
order to accommodate the systems’s dynamic nature. To meet
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Fig. 2. The Architecture of Adaptable Computing-Network Convergence (ACNC).

this, we introduce a framework named ACNC, representing
the integration of CL principles with the CNC concept, with
two primary principles: 1) optimizing infrastructure capacity
utilization through joint orchestration to maximize the number
of supported users, and 2) simplifying the complexity by de�n-
ing discrete contexts, thereby enabling proactive readiness to
tackle context-speci�c �uctuations. The proposed framework
consists of various layers and components is depicted in Fig.
2 and de�ned in what follows.

1) Resources:

In the ACNC framework, each network device's primary
function is the creation of short-term states. This involves
meticulous processing of traf�c across all ports, where met-
rics like traf�c characteristics, request age of information,
and QoS/E requirements are measured and collected for all
requests. The short-term resource state at time slott is
denoted as' t

R , with a spatial dimensionality represented as
j' t

R j : U � S � R � P � M R
1. To comprehend causal

relationships between resource allocation decisions and state
transitions, short-term resource states for time slots[t � T R ; t]
are aggregated to form a long-term resource state at time slot
t (b' t

R ). Given the complexity and multidimensionality of this
state (j b' t

R j : j' t
R j � T R ), we utilize ML techniques, including

Uniform Manifold Approximation and Projection (UMAP), a
method known for its ability to handle large datasets, to reduce
dimensions. The resulting reduced resource state is denoted

1Let U denotes the number of users,S signi�es the number of active
services,R represents the quantity of requests per user and service,P
indicates the number of ports, andM R stands for the quantity of metrics
measured per request.

as r' t
R , with size S � P � €M R , where €M R represents the

size of the set representing each service over each port that
can accommodate from one indicator to allM R metrics. A
smaller set of indicators yields more concise reduced states,
simplifying state exchanges but diminishing precision in state
representations. After reduction, the device stores the reduced
resource state in the memory bank and then forwards it to the
network orchestrator. Given the reduced resource state size, the
required time and resources for this exchange are predictable.
The same operations are replicated on computing nodes, but
they construct states for each service instance implemented on
their infrastructure.

For each edge network device or Point of Arrival (PoA),
there is an additional task - the selection of service instances
for incoming requests and determining their respective net-
work paths. This task is executed in a context-aware manner,
where each PoA is equipped with an agent dedicated to a
unique context. These contexts are structured to enable a
singular agent to pro�ciently oversee the dynamics of the
system states associated with that context, leading to a notable
reduction in overall complexity to a more manageable scale.
The agent for each context maintains two action sets: 1) the
available service instances within that context, and 2) the avail-
able network paths from the PoA to these service instances.
When the context changes or a signi�cant alteration occurs
in the system state, the PoA receives relevant information
about the active context and current system state in graph form
(as detailed in Section III-B3) from the network orchestrator.
Subsequently, the PoA activates the agent associated with
the active context, assigning service instances and network
paths to requests according to their chaining map within the


