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Abstract
Fifth-generation and prospective sixth-generation mobile networks are based on highly softwarized infrastructures in which network functions
and resources are dynamically instantiated and reconfigured across disaggregated computing and transport domains. Network slicing exposes
these capabilities as logically isolated end-to-end tenants, each with distinct performance, reliability, and cost requirements. Admission control
must decide whether new slice requests can be accepted without violating guarantees for existing slices, while resource allocation mechanisms
must coordinate heterogeneous compute, storage, and radio resources. Multi-objective trade-offs arise naturally between spectral efficiency, la-
tency, energy consumption, and operational expenditure. Centralized optimization approaches struggle with the dimensionality, dynamics, and
partial observability of realistic 5G and 6G deployments. Agent-based coordination, where distributed software agents represent slices, infras-
tructure domains, and orchestration functions, provides a flexible means to adapt to local conditions, negotiate resource usage, and incorporate
learning-based policies. This work examines an agent-based multi-objective optimization framework for network slicing and admission control
in softwarized infrastructures. The study focuses on linear models of resource coupling and service-level constraints, explores scalarization and
constraint-based formulations of multiple objectives, and considers both myopic and horizon-based decision processes. The discussion empha-
sizes how autonomous agents can approximate global optimization goals with limited information exchange and modest computational overhead,
and how linear relaxations can support explainable admission decisions and capacity planning. The analysis covers system modeling, algorith-
mic design, and qualitative evaluation of trade-offs, aiming to clarify the conditions under which agent-based strategies achieve consistent and
predictable behavior in the presence of rapidly varying traffic demands and slice heterogeneity.

1. Introduction

Softwarized mobile infrastructures are reshaping the way com-
munication services are deployed and managed (1). Virtual-
ization of network functions, programmable data planes, and
cloud-native microservice architectures allow operators to in-
stantiate end-to-end logical networks on demand. These log-
ical networks, often called network slices, span radio access,
transport, and core segments, while sharing the same physical
infrastructure. Each slice is characterized by a service descrip-
tor that specifies quality of service targets, reliability levels,
security properties, and cost or revenue parameters (2). The
orchestration platform must map these logical specifications
into concrete allocations of radio spectrum, baseband process-
ing, transport bandwidth, and core computing resources on a
time-varying basis. This creates a complex resource manage-
ment problem, where decisions must be taken at multiple time
scales and under uncertainty about future traffic and environ-
ment conditions.

Admission control plays a central role in maintaining iso-
lation and service guarantees among slices (3). When a new
slice request arrives, the system must decide whether the cur-
rent and projected resource capacities can accommodate its re-
quirements without degrading already admitted slices beyond

their specified contracts. This decision involves predicting traf-
fic patterns, evaluating capacity margins, and assessing multi-
domain dependencies across radio and transport segments. In
5G and anticipated 6G environments, the scale and diversity
of slices, ranging from enhanced mobile broadband to massive
machine-type communication and ultra-reliable low-latency com-
munication, render simple threshold-based policies insufficient
(4). More expressive optimization-based strategies are needed,
yet fully centralized solvers are challenged by the combinato-
rial nature of embedding decisions, state space dimensionality,
and stringent time constraints.

Agent-based models offer a way to decompose this deci-
sion process into smaller, interacting subsystems. In such mod-
els, software agents represent slices, infrastructure points of
presence, or orchestration layers (5). Each agent observes a
subset of the system state, applies local decision rules, and ex-
changes limited information with other agents. When properly
designed, these local interactions can lead to emergent global
behavior that approximates multi-objective optimality. Agents
can adapt over time, either through learning mechanisms or
through adaptive rule tuning, in order to track changes in traf-
fic mix, user mobility, and hardware capacity (6). This form of
distributed intelligence aligns with the architectural trends in
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Figure 1. End-to-end softwarized slicing stack, with user equipment traffic traversing radio, edge, transport, and core segments under the control
of a slice orchestrator that consumes telemetry and policy signals.

service-based 5G cores, open radio access networks, and edge
computing, where control logic is naturally decomposed and
deployed close to the resources it manages.

Multi-objective optimization is intrinsic to themanagement
of network slices, because operatorsmust balance revenue from
admitted slices against performance metrics such as latency
and packet loss, as well as operational expenditures expressed
in terms of power consumption and resource fragmentation.
Many of these objectives can be expressed or approximated us-
ing linear functions of decision variables, especially when fo-
cusing on long-term averages or aggregated flows (7). Linear
models enable tractable formulations and provide interpretable
sensitivity analysis, at the cost of abstracting away fine-grained
protocol behavior. In contrast, fully detailed simulators and
learning-based policies may capture more nuances but can be
less transparent and harder to integrate into regulatory or con-
tractual reasoning.

In this context, it is useful to examine how linear multi-
objective formulations can be embedded into agent-based con-
trol architectures for network slicing and admission control (8).
A key question is how to partition the optimization problem
so that each agent solves a smaller linear program or mixed-
integer linear program using locally available information, while
still approximating desirable global trade-offs. Another ques-
tion is how to encode inter-agent coordinationmechanisms, such
as pricing, bidding, or quota exchange, that implement implicit
Lagrangemultipliers associatedwith shared capacity constraints.

These coordinationmechanismsmust remain lightweight enough
to be executed within orchestration loops on time scales rang-
ing from seconds to minutes (9).

The following sections explore these issues by first describ-
ing the characteristics of softwarized 5G and 6G network slic-
ing infrastructures, then developing a linear system model and
multi-objective formulation, and finally outlining an agent-based
optimization architecture and discussing representative evalua-
tion scenarios. The focus remains on neutral analysis of model-
ing choices and their implications, rather than on any particular
implementation. Attention is given to how the linear structure
of the model influences algorithm design and how agent-local
decisions can be aligned with multi-objective criteria through
suitable scalarization and constraint handling strategies (10).

2. Softwarized 5G/6G Network Slicing Background
The notion of network slicing emerged as a way to expose a
shared infrastructure as a set of logically separate networks
with predictable behavior. In 5G systems, a slice typically
includes radio access functions such as distributed units and
centralized units, transport segments across optical or packet-
switched backbones, and core network functions implemented
as virtual or containerized network functions. Each slice has an
associated template that defines performance targets in terms
of throughput, latency, reliability, and jitter, as well as life-
cycle attributes such as elasticity and expected duration (11).
These templates are translated by orchestration components
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Figure 2. Agent hierarchy with a coordination agent interacting with domain-level agents and per-slice agents, supporting negotiation and
exchange of aggregate control signals.

into placement and scaling decisions for network functions and
bandwidth reservations across multiple domains.

Softwarization refers to the replacement of fixed-function
hardware applianceswith software functions running on general-
purpose processing platforms, as well as the programmatic con-
figuration of network devices through standardized APIs. In
the radio access network, this includes the use of software-
defined radios, flexible baseband processing chains, and split
architectures that separate control and data flows (12). In the
transport and core network, this includes software-defined net-
working controllers, virtual switches, and service meshes in-
terconnecting microservices implementing network functions.
The consequence is a high degree of configurability, which
enables fine-grained resource allocation but also increases the
complexity of control decisions.

In such environments, slices must compete for a mixture
of resources (13). Radio access resources include spectrum
segments and time-frequency blocks that can be assigned to
users associated with a slice. Processing resources include cen-
tral processing units, graphics processing units, and special-
ized accelerators located in edge clouds, central clouds, and
possibly in baseband units. Transport resources include band-
width along multiple paths in backhaul and fronthaul networks,
with different latency and reliability characteristics (14). The
softwarized infrastructure is subject to capacity constraints in
all these dimensions, and these constraints are intertwined be-
cause a given slice instance may span several resource domains
simultaneously.

Admission control decisions depend on assessing whether
sufficient capacity exists in all relevant domains over a plan-
ning horizon. For example, an ultra-reliable low-latency com-
munication slice for industrial control may require dedicated
radio blocks, low-delay paths in the transport network, and re-
served compute capacity in an edge cloud. The admission de-
cision must consider not only current utilization but also the
potential variations in traffic demand from existing slices (15).
Traditional threshold-based policies often rely on static safety
margins, which may be conservative or insufficient under vary-
ing conditions. More flexible policies rely on optimization

frameworks that model capacity, demand, and service-level
constraints explicitly.

Service descriptors for slices often contain linear or affine
resource demand models, where required capacity is propor-
tional to the expected traffic load, modulated by efficiency fac-
tors and overheads (16). For instance, the processing require-
ment for a core function can be expressed as a linear function
of aggregate user throughput, with coefficients capturing pro-
tocol stack complexity. Similarly, bandwidth requirements on
fronthaul links may be expressed as linear functions of modula-
tion and coding schemes. These approximations are useful be-
cause they map naturally into linear constraints in optimization
problems (17). While detailed protocol behavior and wireless
channel dynamics are more complex, it is often sufficient for
admission control purposes to operate at this level of abstrac-
tion.

Softwarized orchestration platforms provide several points
of control suitable for agent-based implementations. Near-real-
time control loops operate in radio access control units, mak-
ing frequent decisions on scheduling and resource block assign-
ment (18). Non-real-time control loops operate in higher-level
controllers or management and orchestration entities, making
decisions on slice instantiation, scaling, and placement. Agents
can be associated with these control points, where they observe
local metrics, maintain internal models, and interact with peer
agents. The natural decomposition between radio, transport,
and computing domains supports the definition of specialized
agents with domain-specific expertise that collaborate to han-
dle end-to-end slicing and admission control (19).

In 6G scenarios, the heterogeneity of services and infras-
tructures is expected to increase further. New use cases, such
as integrated sensing and communication, digital twin synchro-
nization, and extremely dense machine-type communication,
introduce additional constraints on synchronization, spatial cov-
erage, and energy efficiency. These constraints can be accom-
modated in linear models by introducing additional variables
and constraints representing, for example, upper bounds on to-
tal energy consumption or lower bounds on coverage proba-
bilities approximated by linear surrogates (20). At the same
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Figure 3. Conceptual flow from measured metrics to objective construction, scalarization, linear optimization, and resulting admission and
allocation decisions with tunable weight parameters.

Slice 1

Slice 2

Slice 3

RAN capacity

Backhaul

Edge compute

x1,1

x2,2

x3,3

x1,2

x2,3

Figure 4. Bipartite view of slices and resource pools illustrating representative allocation variables that participate in linear capacity and demand
constraints.

time, the number of slices and their dynamics may increase,
making centralized optimization increasingly difficult to scale.
Agent-based approaches become attractive as a way to handle
this complexity, provided they can be structured to maintain
consistent global behavior.

3. System Model and Multi-Objective Problem For-
mulation
The systemmodel considers a set of slices and a softwarized in-
frastructure composed of multiple resource domains (21). Let
the set of slices be denoted by a finite set, and let the set of in-
frastructure points of presence be another finite set. Each point
of presence offers several resource types, such as processing,
memory, and bandwidth. For each resource type, a nonnega-
tive capacity is given (22). The model operates over a planning
epoch duringwhich admission decisions aremade and resource

allocations are assumed quasi-static at the selected time scale.
For each slice, a decision variable represents whether the

slice is admitted during the considered epoch. This variable
takes values in the interval between zero and one, with binary
values representing strict admission or rejection and fractional
values representing relaxed decisions in a linear programming
context (23). For each slice and each point of presence, an allo-
cation variable represents the amount of a particular resource
type that is assigned to that slice on that point of presence.
These allocation variables are nonnegative and are subject to
capacity constraints on each resource and point of presence.

A typical capacity constraint for a single resource type and
point of presence can be modeled as a linear inequality (24).
For a given resource type and point of presence, let the alloca-
tion variable for slice index be denoted by a scalar. The sum
of allocations over all slices cannot exceed the capacity at that
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Figure 5. Admission control pipeline combining static pre-checks, agent-based optimization, and feedback from service monitoring and aggre-
gate usage information.

point of presence and resource type. This yields a constraint
of the form (25)

s
xi,s ≤ Ci,

where the index runs over slices, the variable denotes the allo-
cation to slice on point of presence, and the parameter denotes
the capacity. The summation is taken over all slices that can po-
tentially use that point of presence, and the inequality enforces
that the allocated amount remains within the resource limit.

Each slice is associated with a demand profile that indicates
the minimum amount of resources required in each domain if
the slice is admitted (26). This minimum requirement can be
expressed through constraints that link the admission variable
and the allocation variables. For a given slice and resource
type, a constraint of the form

i
xi,s ≥ dsas

can be used, where the index runs over points of presence, the
variable denotes the allocation, the parameter denotes the de-
mand, and the variable denotes the admission decision (27).
When the admission variable is zero, the constraint does not
impose any requirement on allocations. When the admission
variable is one, the total allocated capacity across points of
presence must be at least as large as the demanded amount.
This structure preserves linearity and connects admission de-
cisions with resource allocations in a consistent way.

The multi-objective nature of the problem arises from the
need to balance different performance and cost metrics (28). A
simple revenue objective can be formulated as a linear func-
tion of admission variables. For each slice, a scalar revenue

coefficient can be associated, and the total revenue is

fRa =
s
rsas,

where the coefficient denotes the revenue associated with ad-
mitting slice and the decision variable denotes the admission
state (29). An operator might also wish to penalize resource
consumption to account for energy usage or capacity reserva-
tion. This can be modeled by a linear cost function of the allo-
cation variables, such as

fCx =
i,s

ci,sxi,s,

where the coefficients represent unit costs associated with allo-
cating resources to slice at point of presence (30).

Additional objectives can capture quality of service aspects.
While detailed latency distributions are not linear, aggregate la-
tency or queueing surrogates can sometimes be approximated
linearly in terms of allocated capacities and demand. For exam-
ple, in a regimewhere latency decreases approximately linearly
with over-provisioning, one may introduce a variable represent-
ing slack between provisioned capacity and demanded capac-
ity for each slice, and weight these slacks in a linear objective
(31). Similarly, reliability constraints can be modeled as linear
constraints on redundant allocations when replicated functions
or paths are used, with an associated penalty in the objective
representing redundancy cost.

One common approach to handlemultiple objectiveswithin
a linear framework is to form a scalar objective by taking a
weighted sum of individual objectives. Let a vector of nonneg-
ative weights be specified, and define the aggregate objective
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Figure 6. Multi-domain topology with radio clusters, central cloud, and edge sites, indicating representative bandwidth and compute flows
coordinated by a slice controller.

as (32)
Fa, x = wRfRa – wCfCx,

where the weight represents the relative importance of revenue
and the weight represents the importance of cost. Additional
objectives can be included by extending this linear combination
with further terms and associated weights. Alternatively, one
can treat one of the objectives as a primary objective and the
others as constraints, such as maximizing revenue subject to an
upper bound on total cost or total energy consumption (33).

The overall linear optimization problem at the system level
can be stated informally as finding decision variables that sat-
isfy capacity constraints, service demand constraints, and pos-
sible additional policy constraints while optimizing a chosen
scalarization of multiple objectives. In a compact form, one
can write a linear program with the objective

max
a,x

Fa, x

subject to a set of linear inequalities and equalities that rep-
resent the constraints described above (34). In the strict ad-
mission control setting, one further constrains the admission
variables to be binary. This yields a mixed-integer linear pro-
gram, which is generally harder to solve globally but can often
be approximated using relaxation and rounding strategies.

The agent-based view of this system model interprets the
decision variables as being controlled by different agents (35).
Slice agents control their admission proposals and preferred al-
location patterns, infrastructure agents control capacity quotas
for slices, and coordinating agents enforce global consistency.
Each agent solves a local linear optimization problem, which
is derived from the global model but restricted to the subset of
variables and constraints relevant to that agent. Communica-
tion between agents conveys prices, dual variables, or quota
updates that link these local problems together (36). From
the perspective of the system model, this corresponds to dis-
tributed methods for solving the overall linear program or its
multi-objective variants.

4. Agent-Based Optimization and Admission Control
Algorithms
Agent-based optimization in softwarized network slicing sys-
tems relies on the decomposition of the global multi-objective
problem into smaller parts that can be solved by individual
agents using local information. Consider a collection of slice
agents, each representing one slice or slice request, and a col-
lection of infrastructure agents, each associated with a point
of presence or resource domain (37). A central or federated
coordination agent may also exist but is not assumed to main-
tain full information at all times. The goal is for these agents
to collectively approximate the solution of the system-level lin-
ear or mixed-integer linear program, while respecting practical
constraints on communication frequency and local processing
capabilities.

A slice agent typically aims to maximize a local utility that
reflects the expected revenue of being admitted minus potential
costs paid for resources (38). Let a slice agent maintain an
admission variable and a vector of desired allocations across
points of presence. The local problem for a slice agent can be
expressed as a linear program with objective

max
as,xs

usas –
i
pi,sxi,s,

subject to a demand constraint of the form (39)

i
xi,s ≥ dsas,

and nonnegativity constraints on the allocations. Here the coef-
ficient represents the local utility of being admitted, and the pa-
rameters represent prices or costs per unit resource advertised
by infrastructure agents. The variable denotes the slice-specific
allocation on point of presence, and the coefficient captures the
willingness of the slice to pay for that allocation (40).

Infrastructure agents, in contrast, seek to keep their total
allocations within capacity while possibly maximizing a func-
tion reflecting revenue collected from slices and penalties for
congestion. For a given point of presence, an infrastructure
agent sees a set of allocation requests and responds with prices.
Its local problem can be written as (41)

max
xi s

pi,sxi,s



Table 1. Representative slice classes and qualitative latency and reliability regimes considered in agent-based admission control.

Slice class Typical service Latency regime Reliability regime

eMBB Video streaming, XR Tens of ms Medium to high

URLLC Industrial control Sub-ms to few ms Very high

mMTC Sensor networks Seconds to minutes Medium

Best-effort data Web, background sync Tens to hundreds of ms Low to medium

Private network Enterprise campus Few ms to tens of ms High

Table 2. Main resource domains with abstract capacities, monetary cost factors, and energy coefficients used in the linear optimization model.

Resource domain Symbolic capacity Unit cost factor Energy coefficient

RAN processing Cran cran eran

Backhaul bandwidth Cbh cbh ebh

Edge compute Cedge cedge eedge

Core compute Ccore ccore ecore

Storage pool Cst cst est

subject to a capacity constraint

s
xi,s ≤ Ci,

and nonnegativity of allocations. In a price-adjustment pro-
cess, the prices may be updated as a function of congestion, for
example by increasing prices when the capacity constraint is
tight and decreasing prices when there is spare capacity. Slice
agents then adjust their desired allocations according to these
price signals, leading to an iterative process that can converge
towards a resource allocation satisfying global capacity con-
straints and reflecting a balance between slice utilities and in-
frastructure limitations (42).

Themulti-objective aspect enters when slice utilities and in-
frastructure pricing rules incorporate multiple criteria. For ex-
ample, prices can be differentiated according to latency classes,
reliability classes, or energy efficiency profiles. Linear mod-
els can represent these distinctions by assigning separate al-
location variables and price coefficients to different resource
classes (43). A slice that values low latency more than cost
might be modeled with a higher utility coefficient for alloca-
tions on low-latency resources and a larger penalty for being
rejected. In a multi-objective scalarization framework, these
preferences are expressed as weights in the slice agent utility
function and in the infrastructure agent cost function.

Admission control decisions emerge from the interaction
between slice agents and infrastructure agents (44). A slice
agent that cannot obtain sufficient resource allocations at ac-
ceptable prices to satisfy its demand constraint may set its ad-
mission variable effectively to zero, indicating that it does not
enter the system. Conversely, if sufficient capacity is avail-
able at prices that still leave positive utility, the slice agent will
choose an admission variable close to one and accept the asso-
ciated resource allocations. In a strict admission setting with

binary variables, this decision can be made by comparing the
expected utility of being admitted with that of being rejected,
given the current price and capacity conditions (45).

Agent-based algorithms can be implemented using itera-
tive schemes where agents exchange messages at discrete time
steps. At each iteration, infrastructure agents announce current
prices, slice agents solve their local linear programs to update
desired allocations and admission decisions, and infrastructure
agents update prices based on aggregate demand. This type
of process resembles primal-dual methods for linear program-
ming, where prices approximate dual variables associated with
capacity constraints (46). When step sizes and update rules are
chosen suitably, the iteration can converge to a point close to an
optimal solution of the global problem, within the limitations
imposed by integer constraints and approximations.

Beyond simple price adjustment, agents may use learning
mechanisms to adapt their strategies. For instance, a slice agent
may treat the environment formed by infrastructure agents and
other slices as a partially observable process and apply rein-
forcement learning to discover policies mapping demand and
price observations to admission decisions and allocation re-
quests (47). To maintain compatibility with linear modeling,
the reward structure can be aligned with linear utility func-
tions, and the policy search space can be restricted to strategies
that effectively implement parametric linear decision rules. In-
frastructure agents can similarly learnmappings from observed
congestion patterns to price update rules that stabilize the sys-
tem and maintain desired utilization levels.

The coordination of multiple objectives also benefits from
agent-based decomposition (48). One approach is to assign dif-
ferent objectives to different agents and rely on negotiation to
balance them. For example, a global energymanagement agent
might adjust a vector of cost coefficients that influence infras-
tructure agents, which in turn adjust prices seen by slice agents.



Table 3. Structure of the scalar objective formed from admission decisions, allocations, and slack variables in the multi-objective formulation.

Objective component Decision variables Meaning Weight

Revenue term as Admission utility per slice wR

Allocation cost xi,s Marginal infrastructure cost wC

Energy term xi,s Energy-proportional usage wE

Slack penalties σs Violations of QoS surrogates wS

Table 4. Agent types, internal state summaries, primary decisions, and characteristic operating time scales in the distributed control architecture.

Agent type Local state Primary decision Time scale

Slice agent Demand estimate, price view as, xi,s Seconds to minutes

RAN agent Cell load, interference Local capacity shares Sub-second to seconds

Transport agent Link utilization Per-slice bandwidth shares Seconds

Cloud agent CPU and memory load VM or container quotas Seconds to minutes

Coordination agent Aggregate duals Weight and price updates Minutes

A service-level management agent might impose constraints on
the minimum admission rate of certain slice categories bymod-
ifying utility coefficients (49). This layered approach preserves
linearity at each layer while allowing the system to steer overall
behavior in a multi-objective space.

From an implementation perspective, agent-based optimiza-
tion must handle the fact that decisions are taken at different
time scales. Fast control loops in the radio access network ad-
just scheduling decisions on time scales ofmilliseconds, whereas
slice admission and placement decisions occur on time scales
of seconds to minutes (50). The linear models described earlier
are primarily suited to these slower time scales. Agents oper-
ating at this level can incorporate aggregated information from
faster loops, such as average resource utilization and observed
violations of service-level indicators, and adjust admission and
allocation policies accordingly. This separation by time scale
allows complex dynamics to be decomposed into layers, with
agents at each layer using mathematical models appropriate for
their horizon (51).

5. Evaluation Methodology and Results Discussion
Evaluating an agent-based multi-objective optimization frame-
work for network slicing and admission control involves con-
structing scenarios that reflect realistic properties of softwarized
5G and 6G infrastructures while remaining manageable within
a modeling and simulation environment. The evaluation can
consider a multi-domain infrastructure composed of radio ac-
cess clusters, edge clouds, and a central cloud, interconnected
by a transport network with heterogeneous link characteristics.
Each infrastructure element is modeled with capacity parame-
ters for processing, storage, and bandwidth, along with latency
and energy consumption profiles (52). Slice requests arrive ac-
cording to traffic patterns representing enhanced mobile broad-
band, machine-type communication, and ultra-reliable low-latency
communication, eachwith distinct demandmodels and service-

level indicators.
In such an evaluation, a baseline centralized optimization

approach can be compared with the agent-based framework.
The centralized approach solves the system-level linear ormixed-
integer linear program using full information about capacities,
demands, and service descriptors (53). The agent-based ap-
proach, in contrast, relies on local agent decisions and lim-
ited information exchange, as described previously. Key per-
formance metrics include admission ratio, defined as the frac-
tion of slice requests that are admitted; resource utilization,
measured as the ratio between allocated and available capac-
ity across resource types; energy consumption, expressed as a
linear function of allocation and activity variables; and viola-
tion rates of service-level indicators, such as latency bounds
and throughput guarantees.

Simulation experiments can be configured to vary the in-
tensity and composition of slice requests, the distribution of
capacities between edge and central clouds, and the parameters
of agent decision rules (54). For instance, one can consider a
scenario with relatively abundant central cloud capacity and
tight edge capacities, and another scenario with more balanced
capacities. The arrival rate of ultra-reliable low-latency com-
munication slices can be varied to stress latency and reliability
constraints. For each scenario, the central optimizer and the
agent-based framework can be applied to identical traffic re-
alizations, and the resulting metrics can be compared. These
comparisons help to identify regimes where the agent-based
approach matches or deviates from the centralized benchmark
(55).

In analyzing results, one may observe that the agent-based
framework often achieves admission ratios close to those of the
centralized optimizer when capacities are moderately loaded
and traffic patterns are stable. In such situations, price-based
coordination aligns slice decisionswith available capacities with-
out requiring precise global information. As the system ap-



Table 5. Simulation scenarios varying load, capacity distribution, traffic mix, and energy budget for comparing centralized and agent-based
policies.

Scenario Load level Edge capacity bias Traffic mix Target energy budget

S1 Moderate Balanced edge and core eMBB heavy Loose

S2 High Edge constrained URLLC heavy Medium

S3 High Edge rich Mixed Tight

S4 Low Core dominated mMTC heavy Loose

S5 Bursty Balanced Alternating eMBB/URLLC Medium

Table 6. Key metrics used to assess the behavior of the agent-based optimization scheme against a centralized baseline.

Metric Symbol Description Aggregation

Admission ratio ηadm Admitted requests over total Time-averaged

Resource utilization ρk Usage over capacity per domain Time-averaged

Energy usage E Total consumed energy Per scenario

SLA violation rate ν Fraction of requests with QoS slack > 0 Time-averaged

Convergence iterations I Iterations until stable prices Per run

proaches high utilization, differences may emerge due to the
myopic or decentralized nature of agent decisions (56). For
example, agents may over-allocate resources to certain slice
classes early in the simulation, limiting capacity for later ar-
rivals that could have generated higher overall utility under
the centralized policy. These observations highlight the influ-
ence of agent update rules and information structures on per-
formance at high load.

Resource utilization patterns under agent-based control pro-
vide insights into how capacities are partitioned among slices
and domains (57). In some configurations, agents may favor
allocations on edge resources to meet latency objectives, lead-
ing to higher utilization at the edge and lower utilization in the
central cloud. When edge capacities become tight, prices can
rise, prompting slices with less stringent latency requirements
to shift allocations toward central resources. This behavior can
be captured in linear models by adjusting cost coefficients and
observing the resulting allocation patterns (58). Comparing
these patterns between agent-based and centralized solutions
can reveal deviations that arise from approximate coordination
and help identify options for refining agent update rules.

Energy consumption is another dimension of interest, par-
ticularly in 6G scenarios where energy efficiency is a promi-
nent objective. Linear energy models can associate per-unit
energy costs with different resource types and locations, with
higher costs for less efficient hardware or for links that traverse
longer distances (59). Under a multi-objective scalarization,
an operator might assign a weight to energy consumption that
competes with the revenue or admission objective. In simu-
lations, varying this weight provides insight into the trade-off
between resource utilization and energy savings. The agent-
based framework may adopt different trade-off points than a
centralized optimizer, depending on how energy costs are re-

flected in slice utilities and infrastructure prices (60). Observ-
ing how these trade-offs shift with parameter changes can in-
form the design of pricing and utility functions.

Service-level indicator violations, such as missed latency
targets or shortfalls in throughput guarantees, can bemonitored
in the simulation environment. These violations can be linked
to insufficient resource allocations or to misplacement of func-
tions relative to user locations (61). In a linear model, such
violations are typically approximated by slack variables in con-
straints, which can be penalized in the objective function. In
an agent-based framework, agents may adjust their behavior
in response to observed violations by modifying their demand
estimates or by negotiating different allocation patterns. Ana-
lyzing the frequency and severity of violations under different
control schemes helps assess robustness and adaptation capa-
bilities (62).

While quantitative results from simulations depend on spe-
cific parameter choices and modeling assumptions, qualitative
trends provide useful guidance. For example, when communi-
cation between agents is restricted to sparse or noisy signals,
convergence to stable allocation patterns may be slower, and
transient violations of capacity constraints may occur. Intro-
ducing damping factors or conservative safety margins in agent
update rules can mitigate these effects at the cost of slightly
lower utilization (63). Similarly, incorporating forecasting or
history-dependent features into agent decision rules can im-
prove adaptation to nonstationary traffic patterns. The linear
structure of the underlying model facilitates such extensions,
as agents can update coefficients in their local objective func-
tions or constraints based on observed data without altering the
fundamental optimization framework.



Table 7. Main control and model parameters for tuning the stability and trade-offs of the distributed linear optimization process.

Parameter Symbol Typical range Interpretation

Revenue coefficient rs 0.5, 2.0 Relative importance of slice s

Capacity safety margin γ 0.85, 0.98 Fraction of usable capacity

Step size (prices) α 10–4, 10–2 Dual update rate

Scalarization weight wE 0, 1 Emphasis on energy term

Max iterations Imax 50, 300 Bound on agent updates

Table 8. Qualitative comparison of centralized optimization, heuristics, price-based agents, and learning-based agents in the context of soft-
warized slicing.

Method Information scope Optimality target Computational burden

Central LP/MILP Global Near-global optimum High

Local heuristics Local Feasible allocation Very low

Price-based agents Local plus prices Approximate optimum Moderate

Learning agents Local plus history Policy-level optimum Moderate to high

6. Conclusion
Softwarized 5G and 6G infrastructures enable network slicing
and fine-grained control over resource allocation, but they also
introduce complexmulti-objective optimization challenges (64).
Admission control and resource allocation decisions must bal-
ance revenue, performance, energy consumption, and other cri-
teria across heterogeneous slices and resource domains. Linear
models offer a tractable and interpretable foundation for rep-
resenting resource capacities, service demands, and high-level
performance surrogates. Within thismodeling framework, agent-
based optimization presents a way to decompose global deci-
sion problems into local problems solved by interacting slice
and infrastructure agents (65).

The analysis has outlined how admission variables and al-
location variables can be coupled through linear constraints,
and how multi-objective trade-offs can be represented as linear
combinations of revenue, cost, and service-level metrics. It
has described how agents can operate on local linear programs,
using price signals or similar coordination mechanisms to re-
spect global capacity constraints and align their decisions with
system-level objectives. Different layers of control, operating
on different time scales, can incorporate linear models tailored
to their decision horizon, from near-real-time resource schedul-
ing to slower slice admission and placement processes (66).

The discussion of evaluation methodology has highlighted
the role of simulation environments in exploring the behavior
of agent-based frameworks under varied traffic and capacity
conditions. Comparing agent-based solutions to centralized
optimizers helps quantify the impact of decentralization, lim-
ited information, and myopic decision rules on admission ra-
tios, utilization, energy consumption, and service-level indica-
tor violations. While the specific numerical outcomes depend
on modeling choices, such comparisons can reveal characteris-
tic patterns, such as performance convergence under moderate

load and potential divergences near capacity limits (67).
Overall, the agent-based approach framedwithin linearmulti-

objective optimization represents one option for organizing con-
trol in softwarized network slicing systems. It supports modu-
larity and scalability by distributing computation and decision-
making, and it benefits from the transparency and structural
properties of linear models. At the same time, it entails ap-
proximation and coordination challenges that warrant careful
analysis. Future developments in 6G architecture, service di-
versity, and energy considerations will likely stimulate further
refinement of both modeling techniques and agent-based algo-
rithms, including enhanced learning capabilities and more nu-
anced representations of performance metrics, while maintain-
ing compatibility with linear or piecewise linear frameworks
where such compatibility remains advantageous (68).
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