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Abstract—Future 5G/6G services require network slices that
satisfy strict service-level agreements (SLAs) across conflicting
objectives. A key challenge is selecting the proposal that best
matches the Intent Owner’s SLA requirements, as fixed policies
and single-method rankings may bias the decision. This work
proposes applying the Best Intent Interaction of the TMF921
Intent Management API to the network-slicing domain. The
proposed approach combines NSGA-II for proposal generation,
MCDA for proposal ranking, and a reasoning layer for feedback
generation. It provides a Propose Intent Report for Best and
feedback to the Intent Owner. The framework is structured
across the business, service, and resource layers to support the
Best Intent proposal-selection.

Index Terms—network slicing, TMF921, intent management,
best-proposal selection, NSGA-II, MCDA.

I. INTRODUCTION

Future 5G/6G services, such as ultra-HD video streaming,
low-latency factory automation, and smart-city applications,
require network slices that satisfy strict service-level agree-
ments (SLAs) across conflicting objectives. Network slicing
and intent-based service management have emerged as key
enablers for addressing these demands. However, selecting the
network-slice proposal that best reflects the Intent Owner’s
requirements and SLA priorities remains challenging.

TM Forum’s TMF921 specification defines a Best Intent
interaction and negotiation flow between an Intent Owner and
an Intent Handler. This interaction provides a standardized
basis for best-proposal selection in network slicing. Recent
work has employed multi-objective optimization to gener-
ate Pareto-optimal slice proposals for negotiation. However,
Pareto-optimal generation alone does not determine which
proposal should be selected as the top-ranked one. In addition,
when Multi-Criteria Decision Analysis (MCDA) methods are
used for ranking, reliance on a single method may bias the
selection.

In this paper, we present an MCDA-based framework for
network-slice proposal selection in TMF921 intent manage-
ment. The proposed approach combines NSGA-II for pro-
posal generation, MCDA methods for proposal ranking, and
a reasoning layer for feedback generation. Consequently, the
framework supports the TMF921 Best Intent interaction while
providing both top-ranked proposal selection and feedback to
the Intent Owner.
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The proposed framework integrates a graph-based agent
workflow within the service layer to support the TMF921 Best
Intent interaction. Agents execute this workflow by calling
the proposal-search, proposal-ranking, and reasoning-based
feedback components. Acting at the service layer, it maps the
Intent Owner’s Best Intent to feasible proposals and reasoning-
based feedback.

II. RELATED WORK

Intent-based network slicing has emerged as a promising
approach for automating service management in 5G. Several
researchers have explored the potential of intent-based control
for simplifying slice management, assurance, and orchestration
across multi-domain environments. For instance, Martini et
al. contribute an intent-based framework that maps vertical-
service intents into QoS-aware network-slice requirements
[4]. Similarly, Contreras et al. explore the integration of
network slice controllers for enhanced intent-based networking
in 5G/6G systems [5]. Grings et al. present NASP, a platform
for end-to-end cross-domain network-slice management across
3GPP and non-3GPP networks. [6]. Beyond, Chatzistefanidis
et al. present AGORAN, an agentic marketplace that supports
negotiation of Pareto-optimal slice proposals among multiple
stakeholders with multiple conflicting objectives [2].

Beyond intent-based orchestration, decision-making meth-
ods play an important role in selecting among alternatives
with conflicting network objectives. Yadav et al. review and
compare MADM techniques for network selection in heteroge-
neous wireless networks, addressing the challenge of handover
decision-making under multiple conflicting criteria [7].

More specifically, Pereira et al. investigated the integration
of LLMs with MCDA methods through the pyDecision library,
demonstrating the relevance of combining formal decision-
analysis techniques with LLM reasoning capabilities to ad-
dress problems involving multiple conflicting objectives across
different domains [3].

To support network automation and intent interpretation,
LLM-driven RAN control has recently gained attention. Re-
cent studies have explored the use of LLMs for intent-based
scheduler generation and dynamic O-RAN slicing optimiza-
tion [8], [9]. While recent LLM-based works show the po-
tential of reasoning models for network-management support,
using such models alone for final proposal selection may
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Fig. 1. Proposed system architecture.
produce rankings that depend on the selected model, prompt TABLE I

formulation, or evaluation run. In contrast, our approach uses
a mathematically grounded MCDA-based method for proposal
ranking, while reasoning models are used for interpreting the
results and generating feedback.

III. ARCHITECTURE

Fig. 1 shows the proposed system architecture for Best
Intent Interaction. This architecture has three main building
blocks: the business layer, the service layer, and the resource
layer [10]. It begins with the Intent Owner, whose role
is pivotal as they initiate the process by submitting a Best
Intent for the required network slice. The Best Intent then
goes to the business layer, which translates it into KPI-
based requirements and SLA constraints. The service layer
generates feasible proposals using optimization algorithms,
ranks them using MCDA techniques, and interprets the results
using high-reasoning models. The resource layer provides the
simulated network and budget constraints required to support
proposal generation and evaluation. Finally, the system returns
feedback, explanations, and insights to the Intent Owner in the
form of a Proposed Intent Report for Best.

A. Business Layer

The business layer is the first layer in the proposed architec-
ture. It mediates interaction between the Intent Owner and the
service layer, ensuring that the Best Intent is interpreted and
translated into KPIs. The process begins with the Intent Owner,
who submits a Best Intent for the required network slice. The
business layer then translates the Best Intent into KPI-based
requirements, such as throughput, latency, cost, and power.
These requirements are forwarded to the service layer, where
they are used to generate, evaluate, and identify the proposal
that best satisfies the Intent Owner’s SLA requirements. The
corresponding Best Intent requirements for the considered use
cases are summarized in Table I.

BEST INTENT REQUIREMENTS FOR THE CONSIDERED USE CASES [2]

ID Application Slice Min Tput Max Lat. Max Cost Max Energy

[Mbps] [ms] [EUR] [W]

Bl Media-Flex eMBB 60 10 200 100
Factory-Ops URLLC 5 2 200 100
IoT-Sense ~ mMTC 20 10 50 100

B. Service Layer

The service layer acts as the intermediary between the
business layer and the resource layer, it comprises three
main components: the NSGA-II algorithm [11], the MCDA
algorithms, and the reasoning layer. Together, these compo-
nents implement proposal generation, proposal ranking, and
feedback generation for the Intent Owner.

The network slice proposal generation process starts with
the NSGA-II algorithm, which is the first component of the
service layer. It receives the simulated network capabilities
and resource constraints defined in the resource layer, Based
on these inputs, non-dominated sorting and Pareto-based
optimization are applied to generate feasible network slice
proposals. The resulting Pareto-optimal proposals represent
trade-off solutions across multiple conflicting objectives.

Following proposal generation, the MCDA algorithms are
used to evaluate and rank candidate proposals under multiple
conflicting objectives. In this work, TOPSIS [12] is used to
compute the Euclidean distance of each alternative from the
positive ideal solution and the negative ideal solution.

max vjj, if cj € B
i

min Vij, if cj € C
i



min v;;, ife¢; €8
vy = @)

max vij, if Cj € C
i

[

Accordingly, the positive ideal solution v;-“ corresponds

to the Best Intent, whereas the negative ideal solution vj_
corresponds to the negative ideal solution.

Various MCDA techniques were utilized to mitigate
method-specific bias in the evaluation and ranking of propos-
als. Alongside TOPSIS, VIKOR (Multicriteria Optimization
and Compromise Solution) [13], method was applied to iden-
tify a compromise solution by balancing overall performance
across the selected KPIs while limiting poor performance in
the weakest-performing KPI.

n 1}; — Uij
The score S; defined in (3), represents the overall weighted
performance of alternative ¢ across all criteria. By aggregating
the normalized distances over all criteria, it captures the overall
KPI trade-off of each proposal.

1) Reasoning Layer: The reasoning layer supports the final
stage of the best-proposal selection process. After the MCDA
ranking stage, the ranked proposals are analyzed by reasoning
models to provide explanations, compare alternatives, and
generate feedback for the Intent Owner. These outputs are used
to support the Propose Intent Report for Best. In this work,
DeepSeek-R1-0528 [14] and OpenAl 03-2025-04-16 are used
as reasoning models.

C. Resource Layer

The resource layer plays an essential role in the proposed
architecture. It provides the underlying simulated network ca-
pabilities and budget constraints required for proposal genera-
tion and evaluation. It defines the feasible operating conditions
of the system by specifying the available bandwidth, power,
storage, computing capacity, and cost limits. These resources
are forwarded to the service layer, where they are used as input
to the NSGA-II algorithm for generating feasible network
slice proposals. In this way, the resource layer determines the
feasible search space of the optimization process and supports
the subsequent evaluation and ranking of candidate proposals.
The main resource-layer and scenario parameters used in this
work are summarized in Table II.

D. Graph-Based Agent Workflow

The TMF921 Best Intent interaction requires more than
separate search, ranking, and feedback functions; it requires a
complex execution process that navigates the Intent Owner’s
request through the service and resource layers. This work
implements this interaction through a graph-based agent
workflow. Using LangGraph, the workflow executes proposal
search, proposal ranking, and reasoning-based feedback gener-
ation, while the state stores the intent requirements, candidate
proposals, ranking outputs, and generated feedback shared

TABLE II
RESOURCE-LAYER AND SCENARIO PARAMETERS USED IN PROPOSAL
GENERATION

Parameter Symbol Value Unit
Scenario - Rural Macro [15] -

Fixed MCS index IMCS 28, 18 [16] -
Modulation order Qm 6 bits/symbol
Coding-rate index Rz1024 948, 466 -

Packet size Lok 12000 bits
Maximum power Prax 100 watts (W)
Maximum storage Smax 300 megabytes (MB)
Maximum computing capacity Cmax 500 compute units

TABLE III
NSGA-II CONFIGURATION USED FOR CANDIDATE OFFER GENERATION

Parameter Value
Number of generations 320
Population size 240
Number of mating parents 10
Number of genes 12

Mutation rate 30% of genes
Crossover probability 0.9

Generated feasible offers 22

across nodes. Architecturally, this design provides a clear
end-to-end execution workflow for the TMF921 Best Intent
interaction within the service layer.

IV. EXPERIMENTAL SETUP AND EVALUATION
A. Experimental Setup

We implemented the architecture shown in Fig. 1 within the
service layer to evaluate the proposed TMF921-aligned best-
proposal selection workflow. The implementation includes a
Flask server as the workflow controller, a LangGraph-based
agent workflow, an MCDA ranking service, and an LLM API
for accessing the reasoning models. The Flask server receives
the Best Intent requirements and candidate slice proposals,
then invokes the agent workflow to orchestrate asynchronous
calls to the MCDA service and the LLM APIL.

The candidate slice proposals were generated using the
NSGA-II-based proposal-generation formulation from [2],
where each 12-gene slice proposal represents resource al-
location for the eMBB, URLLC, and mMTC slices. The
formulation constrains the total allocated bandwidth, power,
storage, computing capacity, and cost not to exceed the global
resource budget before evaluation and ranking. The NSGA-II
configuration is summarized in Table III

The resulting proposals are then forwarded to the MCDA
service, which ranks the feasible alternatives using TOPSIS
and VIKOR. The service was implemented using the pyDeci-
sion framework, which provides more than 70 MCDA methods



TABLE IV
TOP-RANKED PROPOSALS SELECTED BY TOPSIS AND VIKOR FOR MCS
18 AND 28 IN THE RURAL MACRO SCENARIO.

H Selelod D hrecetpt (ibes) cost e
13 3.08

Media-Flex 281.71 0.087 15.12
18 Factory-Ops 14 143.43 0052 654 1637
loTSense 19 212.89 0226 520  16.23
MediaFlex 5 909.90 0027 8695  15.0
28 Factory-ops 21 225.70 0033 2348  15.00
loT-Sense 20 375.66 0128 142 15.01

[3]. After the ranking stage, the agent workflow calls the LLM
API. In this work, OpenAl 03 and DeepSeek-R1-0528 are used
to interpret the ranked offers and generate feedback for the
Intent Owner.

During the LLM API calls, OpenAl o3 showed approxi-
mately 200-300 ms latency and 102—-105 tokens/s throughput,
while DeepSeek-R1 showed approximately 196 ms—1.2 s
latency and 20-33 tokens/s throughput.

o selected offer IDs;

o KPI values of the selected offers;

« agreement between TOPSIS and VIKOR rankings;

o agreement between MCDA rankings and reasoning-
model rankings;

o feedback generated for the Intent Owner.

B. Results

TABLE V
ToP-5 PROPOSAL RANKING COMPARISON FOR FACTORY-OPS UNDER
Fixep MCS 28

Rank TOPSIS VIKOR OpenAl-03 DeepSeek-R1
1 21 21 21 21
2 3 3 27 27
3 27 27 3
4 18 18 9 9
5 9 9 18 18

This subsection presents the results of the proposed
TMF921-aligned framework for Best Intent interaction fo-
cusing on three key aspects: best-proposal selection, MCDA
ranking agreement, and reasoning-based feedback generation.

For best-proposal selection, Table IV shows the selected best
offer for the three considered use cases, Media-Flex (eMBB),
Factory-Ops (URLLC), and IoT-Sense (mMTC), under fixed
MCS values of 18 and 28, Fig. 2 visualizes the corresponding
throughput, latency, cost, and energy values of the selected
offers.

The selected offers change across MCS values, indicating
that best-proposal selection depends on both the slice require-
ments and the available radio capabilities. For example, for
Media-Flex the selected offer changes from Proposal 13 under
MCS 18 to Proposal 5 under MCS 28, with throughput increas-
ing from 281.71 Mbps to 909.90 Mbps and latency decreasing
from 0.087 ms to 0.027 ms, although the corresponding cost
rises from 3.08 EUR to 86.95 EUR. Overall, the offers selected
under MCS 28 provide higher throughput and lower latency
across all three use cases, while in some cases these gains are
accompanied by higher cost.

To further examine the role of reasoning models in best-
proposal selection, we compare their rankings for the Factory-
Ops case under fixed MCS 28, which represents a latency
URLLC scenario. The LLMs, OpenAl 03 and DeepSeek-R1-
0528, are given the Best Intent constraints and the set of
feasible offers. Table V shows the top-5 rankings produced by
TOPSIS, VIKOR, 03, and R1. All methods select Proposal 21
as the best proposal. However, the reasoning models identify
the same candidate proposals, but their ordering differs from
the MCDA rankings beyond the top-ranked proposal. This
result supports the proposed layer separation: reasoning mod-
els provide intent-level interpretation and reasoning, while the
MCDA-based service layer remains responsible for ranking the
feasible proposals used to support the Propose Intent Report
for Best.

These findings indicate that the proposed framework can
support the TMF921 Best Intent interaction by ranking feasible
slice proposals according to Best Intent requirements through
MCDA methods and providing reasoning-based feedback to
the Intent Owner.

V. CONCLUSION

This paper introduced a TMF921-aligned workflow for
selecting the best network-slice proposal when SLA objectives
conflict. By combining NSGA-II-based proposal generation,
MCDA-based ranking, and a reasoning layer, the proposed
framework supports the TMF921 Best Intent Interaction by
integrating proposal selection and feedback generation for the
Intent Owner.

To evaluate the proposed framework, we implemented its
service-layer components and aligned them with the 3GPP
Rural Macro scenario under fixed MCS values of 18 and
28. We showed that TOPSIS and VIKOR identified the same
best-ranked proposals, indicating consistent MCDA-based se-
lection. For the Factory-Ops case under fixed MCS 28, the
reasoning models identified the same top-ranked proposal
as the MCDA methods, while differences appeared in the
ordering of the remaining proposals.

These findings indicate that MCDA provides a consistent
basis for final proposal ranking, while reasoning models can
support feedback generation for the Intent Owner. Future work
will extend the evaluation to additional scenarios and dynamic
traffic conditions, and will further investigate proposal re-
ranking, chatbot-based interaction with the Intent Owner, and
more agentic workflows.
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