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Abstract—Large Language Models (LLMs) are likely to play
a key role in Intent-Based Networking (IBN) as they show
remarkable performance in interpreting human language as well
as code generation, enabling the translation of high-level intents
expressed by humans into low-level network configurations. In
this paper, we leverage closed-source language models (i.e.,
Google Gemini 1.5 pro, ChatGPT-4) and open-source models
(i.e., LLama, Mistral) to investigate their capacity to generate
E2E network configurations for radio access networks (RANSs)
and core networks in 5G/6G mobile networks. We introduce a
novel performance metrics, known as FEACI, to quantitatively
assess the format (F), explainability (E), accuracy (A), cost (C),
and inference time (I) of the generated answer; existing general
metrics are unable to capture these features. The results of
our study demonstrate that open-source models can achieve
comparable or even superior translation performance compared
with the closed-source models requiring costly hardware setup
and not accessible to all users.

Index Terms—Intent-Based Networking (IBN), End-to-End
(E2E) network, Large Language Models (LLMs), LLM metrics.

I. INTRODUCTION

The complexity of network services and applications has
continually grown with the advent of novel technologies,
especially in the recent few years with the emergence of virtu-
alization technologies applied to 5G networks (e.g., container-
ized network functions, specialized or shared network slices,
etc.). While integrating new network services is necessary to
enhance network performance and facilitate a greater variety
of applications, it inevitably creates difficulties for network
management because network configurations, which contain
a large number of technical parameters in different network
domains, are no longer sustainable for human operation [1].
This requires new network management strategies, notably
Zero-Touch Service Management (ZSM), in which the net-
work operations are fully automated through self-healing, self-
configuration, and self-optimization [2].

Policy-driven and intent-based mechanisms are among the
key concepts that enable autonomous networks, as high-
lighted in [3]. Specifically, ZSM utilizes the notions of Intent-
Based Networking (IBN) [4] for enabling end-users to specify
their high-level network operational goals by defining intents
through various network interfaces. This method fills the tech-
nical gap between novice users and network management, as
IBN allows users with minimal network expertise to focus on
the desired network operational goals, rather than on technical
specifications.
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Once the user has well defined intents, IBN plays an impor-
tant role in translating them into technical policy configurations
and actions, that can be consumed by the available set of con-
trollers and orchestrators for further deployment. For instance,
any non-expert user can interact with network to establish
both 5G eMBB slice and URLLC slice for a particular region,
using natural language descriptions as follows: “I need to setup
eMBB and URLLC slices for the Paris region. For the eMBB
slice, our service covers up to 10,000 users at the same time,
with a minimum throughput of 100 Mbps. For the URLLC
slice, we require to meet a maximum end-to-end latency of
10ms in at least 99,999 % of time for a minimum of 1000
users.”. To translate this description into a deployable network
configuration, IBN first tries to extract network intents (i.e.,
eMBB, 10000 users, 100 Mbps; URLLC 1000 users, 10ms of
delay, etc.) before creating detailed technical configurations of
network functions (i.e., RAN and Core Network functions) for
the building and running phases. The entire process is carried-
out via intent life-cycle management procedures, which in-
volves five stages: profiling, translation, resolution, activation,
and assurance [5].

However, there are multiple challenges associated with the
use of IBN for End-to-End (E2E) network management: (i)
High-level network intents must be understandable to both
the user and the network. For this reason, they are typically
documented in human-readable languages (i.e., JSON, YAML,
etc.), and are formularized by certain standards (i.e., 3GPP,
TMForum, etc.) with a large number of technical require-
ments, subject to errors. Therefore, users must master such
description methods to harness the full potential of the intent
concept. Sometimes, it is challenging for non-expert users to
manually describe all the network objectives in simple natural
language, which implies additional complexities for network
management. In addition, when the technical intents are fully
extracted, it is difficult to map intents onto specific network
functions during the network activation phase.

All those difficulties related to intent life-cycle management
can potentially be mitigated with Large Language Models
(LLMs) thanks to their capabilities of understanding, generat-
ing, and interpreting human language and facilitating network
management for users without extensive technical expertise
[6], [7]. However, practical applications of LLM for end-to-end
network management is still limited, because it lacks to some
extent performance indicators that measure how good/bad
the obtained answers can be used for service deployments.
Furthermore, most of the studies focused on closed-source
GPT models (e.g., GPT-4), for which model specifications
(e.g., number of parameters, activation functions, etc.) are
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not disclosed. This limitation not only hampers our ability to
customize the models via fine-tuning and instruction prompts,
but also inhibits our understanding of what occurs within these
hidden models.

In the objective of developing an LLM based IBN frame-
work with verifiable responses, our key contributions are as
follows:

o First, we define an IBN framework, in which business in-
tent resolver and service intent resolver are introduced in
the intent layer for translating high level user expressions
into network resource configurations. This architecture is
compatible with the Open Digital Architecture (ODA)
specified by the TM Forum.

o Second, we improve the responses of LLM with regard
to intent translation. In this study, we apply prompting
on both closed-source and open-source LLM models to
study the generated network configurations.

« Finally, we propose a new evaluation benchmark, referred
to as FEACI, to objectively check the generated responses
from LLM models against the expectation of the network
providers in 5 factors: Format (F), Explainability (E),
Accuracy (A), Cost (C), and Inference time (I).

The paper is organized as follows: Related work is discussed
in Section II. Section III presents the general system model
and our contribution, whereas Section IV provides numerical
results. Finally, Section V presents concluding remarks.

II. RELATED WORKS

In the literature, Natural Language Processing (NLP) in-
terfaces between users and the network to facilitate network
management through the use of natural language has been
considered in various studies, see for instance [8], [9]. This
approach has however several shortcomings when accomplish-
ing complex tasks that require higher language understanding
and generation capabilities. Alternatively, Large Language
Models (LLMs) have been proposed to interpret and transform
user intents into network policies and/or generate network
configurations to match user descriptions [10]-[12]. The use
of NLP/LLMs in intent-based networking can be categorized
into several topics as detailed in the following sections.

A. Intent extraction

Empowered by NLP, Mcnamara et al. [8] and Orlandi
et al. [11] embed NLP interfaces into the intent engine
to facilitate interaction between humans and network man-
agement systems for slice provisioning and network service
deployment. Although NLP has been demonstrated to perform
several rudimentary tasks, such as detecting low-level context
absent from user intents [8], or proposing relevant network
services from natural language descriptions [13], its capabili-
ties remain insufficient to translate user intents into low-level
network configurations. This limitation can be attributed to
their inefficiency and lack of customizability in translation
tasks, which make them inadequate for the E2E network
intent management. Taking this into account, Cesila et al.
[14] introduce a customizable, open-source RASA Chatbot
into the Intent (Translator) Engine, helping users configure
the optical network through high-level language communica-
tion. Despite the high level of customization, human-in-the-
loop is imperative to validate the chatbot’s response, thereby

constraining the scalability of the solution. These papers [12],
[15], [16] demonstrate the potential use of LLMs for extracting
network intents from user descriptions or from network log
data. Based on prompts that include task description and
background contexts, closed-source LLMs (e.g., GPT-4) are
used in these works to provide the extraction of network intents
in the response together with explainability. However, this
study does not address the question of whether LLM responses
can be used directly in intent management when evaluation is
not taken into account.

B. Intent translation/assurance

The studies [17], [18] propose intent-based infrastructure
management systems that leverage few-shot prompting in
closed-source GPT-based models to translate natural language
intents into computer programs for multi-domain infrastruc-
ture. With respect to the use of open-source LLMs for intent
management, Mekrache et al. [19] deploy Mistral, LLama
models to configure and manage E2E network services. Partic-
ularly, they are capable of collecting Cloud/Edge intents and
RAN intents (e.g., slicing, latency, throughput, etc.) from user
description to create network configurations in JSON format,
and those configurations can be passed to the Network Func-
tion Virtualization Orchestrator (NFVO) for network service
deployment. However, there are several drawbacks encoun-
tered in these studies: (i) the efficiency of intent translation
are not fully examined, when it is not clear if the LLMs
are able to produce efficient translations and it may lead to
the conflicts in the intent activation, (ii) Human Feedback is
involved in the process, and it can be time-consuming. Once
the intents are fully acquired from user descriptions , it is also
crucial for the network orchestrator to deploy adequate policies
to meet the user’s requirement. In this context, Collet et al.
[20] propose an automated network management framework
model, so called LossLeap, designed to proactively manage
network configurations in order to guarantee the fulfillment of
complex network objectives represented by user intents. This
study deals with intent assurance and will not be considered
in our work.

C. Our approach

In this work, we apply both closed-source and open-source
LLMs to deal with (1) the translation of high-level intents
from users into low-level network configurations, and (2) the
mapping between technical intents and network configurations,
via prompting [21]. Furthermore, we introduce a novel perfor-
mance metrics, namely FEACI (see the Introduction).

III. END-TO-END NETWORK INTENT MANAGEMENT
A. Network Intent Architecture

IBN introduces an additional layer in addition to the busi-
ness and the network layers to manage the life-cycle of high
level intents from their initiation at the business layer to prac-
tical realization at the network layer. The intent layer generally
achieves five main functional blocks: [5]: (i) Intent Profiling
is the communication gateway between IBN system and users.
It is designed so that users can express their meaningful
intents in a human-friendly way (i.e., through natural language
expression, drop down menu, etc.). (ii) Intent Translation is
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responsible for translating those abstracted intents into network
policy that will be seen as low-level network configuration
for network infrastructure. (iii) Intent Resolution is used to
resolve the conflicting intents that are infeasible in current
network states. (iv) Intent Activation deploys feasible intents
so that the networks are configured as intended by the user,
and (iv) Intent Assurance ensures that the network complies
with the user intents throughout its lifetime.

In this paper, we primarily focus on the the life-cycle
management of an intent from the moment it is initiated till
the low-level configuration of network function (i.e., Intent
Profiling, Translation and Resolution.). The IBN architecture,
which highlights our contributions by ignoring the not relevant
functional blocks, is shown in Figure 1.
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Fig. 1. Network architecture with Intent layer

In the intent layer, the block responsible for intent translation
is near the user interface to facilitate interactions with users
and to gather user intents through natural language communi-
cations. There are two primary ways for users to convey their
high-level objectives for network management:

1) Users explicitly describe network goals via natural lan-
guage, for instance “I need to set up URLLC slices for
the Paris region. We aim to meet a maximum end-to-
end latency of 10ms in at least 99,999 % of time for
a minimum of 1000 users.”. The intent translation and
resolution block then extracts technical intents from user
inputs (e.g., end-to-end latency of 10 ms, reliability:
99,999 %, supported users: 1000 etc.), prior to parame-
terizing network functions to meet these goals.

2) Users specify which/where/when service they want to
set up. This demand will be mapped into a product
catalog that contains numerous services, each of which
has been configured with technical parameters. For ex-

ample, user demands following this method can be “I
need to establish URLLC slices for the Paris region”.
Afterwards, both “URLLC service” (which) and “Paris
region” (where) from user demand are used to match
the URLLC product, which is one of the products in the
catalog, and contains network parameters such as end-
to-end latency of 10 ms, reliability: 99,999 %, supported
users (1000), and so on.

In this paper, we target the second method within the
intent translation and resolution block, as it enables non-expert
users to express their needs without being network experts.
Business Intent Resolver and Service Intent Resolver are
then used [11] to handle the service orders. As illustrated
in Figure 2, the business resolver translates the requirements
from business users (i.e., product intent) into service order
specifying which specific SLAs are used to describe the user
demand. Subsequently, service resolver transforms the service
order into resource order that can be orchestrated by the
network resource orchestrator.
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Fig. 2. Translation and resolution block with business and service resolver

The order from business users is mapped onto a single
intent-driven product, which contains a subset of (networking)
parameters, such as expected E2E latency, supported users,
deployment region, etc. For instance, any mission critical
product can be characterized with low latency properties
(i.e., in the range [1ms;10ms] for industrial use cases), or a
high broadband product focus on higher network throughput
services (i.e., [100Mpbs:1000Mbps] for consumer use cases).
Each product may also be enriched with contextual and meta
data information (e.g., ranking of user expertise for data
exposure during service implementation) to better adapt to the
expert or non-expert user profile.

Once the product order is validated at the business resolver
level, the Service Intent Resolver begins to verify if the tech-
nical intents described in the ordered product can be deployed.
Subsequently, those technical intents are converted into tech-
nical solutions in vertical network domain (RAN, Transport,
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Edge/cloud, etc.) to achieve operational goals described in the
product specifications. For example, those technical solutions
are related to the required cloud resources (e.g., CPU speed,
RAM volume, storage, etc) for the core network, topology
settings for transport network or radio-related configurations
for RAN network. Note that those technical details are not
exposed to the users, and are specified in the service catalog.

Finally, the technical solutions, which are produced by the
Service Intent Resolver, are handled by the Network Resource
Orchestrator (NRO) for their implementation. To ensure user
satisfaction over the life-cycle of the intents, the NRO should
implement proactive resource provisioning to accommodate
the dynamic changes of the underlying network. For, it should
continually measures network status and dynamically fine-tune
the network configurations to meet user expectation. This point
is not addressed in this paper.

In the following, we propose an approach that is based on
LLMs to manage business and service resolver for interpreting
user intents into RAN and Core configurations.

B. Large Language Models

LLMs such as GPT4 [22], Gemini [23], etc. are capable
of understanding contextual data (i.e., texts, images, etc.)
across a wide range of technical domain (i.e., telecom-specific,
code generation, etc.). The primary factor behind the success
of LLMs is largely due to the transformer architecture [24]
that enables them to comprehend information context more
effectively by selectively paying attention to various parts of
the input, and their ability to access a vast corpus of data (e.g.,
books, internet sources, etc. ) during training. Specifically,
based on self-attention mechanism, which stands as a core
component of transformers, the long-range dependencies and
contextual relationships can be inferred from the input data.
As a result, the generated output will be generated with high
level of coherence and contextual relevance. This approach
enhances the results compared to the use of RNN as all relevant
information is ephemeral and only represented by the current
hidden state.

To demonstrate the relevance of an LLM in the IBN context,
Figure 3 presents an LLM architecture, which is composed
of several processing blocks: (i) Pre-processing, (ii) Trans-
former and (iii) Post-processing . At the pre-processing stage,
human-understandable data is de-serialized into machine-
understandable data using fokenization and embedding. They
are responsible for converting human input sequence into
corresponding trainable embedding vectors.

Inside the transformer block, multi-head attention (i.e., LM
head) with trainable weights is introduced to tackle the input
sequences that have complex pattern recognition. In this case,
each LM head is dedicated to learn different kinds of semantic
information of input sequence. Furthermore, it is common in
the LLM models that a transformer is placed on top of another
to iteratively apply the multi-head self-attention mechanism NV
times in order to further enhance the efficiency of the input
pattern recognition. Finally, the output of each LM head in
the final layer of the transformer block is normalized before
passing through a Feed-forward Neural Network (FNN) at the
post-processing step. The goal of this step is to map the LLM
output tensors, which are processed within the transformer,
with the corresponding tokens to generate the response.

Output Text "5G networks"
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Vocabulary
Probability T 1 . A
Softmax
Normalization and Linearization

LLM output T T *

tensor LM Head|  [LM Head LM Head
1 b 2 X
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Tokenizer
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Fig. 3. Illustration of an LLM workflow

"URLLC is a service of"

C. From natural language to network deployment with LLMs

Figure 4 shows our proposal with the use of LLMs to
translate user requests into operational intents, and to activate
the corresponding network resources to meet user intents.
In this architecture, users first interact with a chatbot based
on LLM using natural language to express their needs, for
instance “I would like to create an E2E URLLC slicing for
Farisian region.”. Then, given the capability of LLMs to
understand human languages and semantic information, they
manage to match user demands with at least one of the
network products that are available.

It should be highlighted that each product contains multiple
parameters of the desired services. In the business resolver, the
product descriptions, which are represented as the operational
intents, are usually formatted according to the TM Forum ODA
definitions. It takes into account the general parameters of the
creation order (e.g., required latency value, etc. ) as well as
their metadata (e.g., id in the product catalog, date of creation,
category, etc.). This format is also known as Custom-Facing
Service (CFS) specification.

The second translation is also carried out by the LLMs at the
level of service resolver. Given the constraints of the service
prior to the deployment, the available services in the catalog,
and the TM Forum ODA format, a set of technical solutions,
also known as Resource-Facing Service (RFS), is produced
from the CFS description that is available in the first step.
Those RFS are formatted and ready to be fed onto the Network
Resource Orchestrator (NRO) for the imminent deployment.
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Fig. 4. Intent translation and resolution with Large Language Models

D. Prompting

To better customize the output of the LLM models to match
the user expectation, Chain-of-Thought (CoT) prompting is
considered as an efficient approach [21]. By providing the
models with additional information via prompting, it improves
the ability of the language models to understand similar tasks
and efficiently respond to them. Practically, a CoT prompt
includes a tuple < Q;, CoT;, A; >, where Q; is a description
of a task, CoT; is a series of reasoning steps that lead to
the result A;. In this study, we consider zero-shot prompt-
ing (ZERO), one-shot prompting (ONE), and few-shot CoT
prompting (FEW), which respectively provide zero example,
one example of expected format output, and few examples of
how to generate final output.

Without providing any additional context to the LLM mod-
els, we examine in ZERO how they can generate technical
intents in the “standard” format (i.e., 3GPP and TMF), of
which they might not know during training. The generated
answer from LLM models will be investigated in: (1) how
good the format is, (2) how relevant of each technical intent
is and (3) how feasible the models can do reasoning. In this
regard, we create a target configuration, which serves as a
reference for the performance comparison.

In one-shot and few-shot prompting, we supply additional
examples to the LLM models, specifying the service order
given in JSON file and the expected results in YAML format.
In particular, the one-shot prompt only contains the service

ZERO

Q: You are a networking expert, your mission is to
translate technical intents into a list of functions:

1. Centralized Unit
2. Decentralized Unit
3. Radio Unit

4. AMF

5. AUSF

6. NSSF

7. PCF

8. SMF

9. UPF

The technical intent should follow TMF641
| request!

\. ‘

Fig. 5. Zero-shot prompting (ZERO)

order and the expected response, while few-shot CoT prompt-
ing additionally shows how to calculate certain fields in the
expected response, given the technical intents in the service
order as shown in Figure 6 and Figure 7, respectively. Then,
we pass the target service order to the LLM models and receive
the generated results. Those obtained results are compared with
a reference result, which is pre-designed by telecom expert, to
evaluate how good/bad the translations are.
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ONE

Q: You are a networking expert, your mission is to
translate technical intents into a list of functions:

1. Centralized Unit
2. Decentralized Unit
3. Radio Unit

4. AMF

5. AUSF

6. NSSF

7. PCF

8. SMF

9. UPF

The technical intent should follow TMF641
request!

A: Here is the expected functions that TMF641

format is considered </>

Fig. 6. One-shot prompting (ONE)

FEW

Q: You are a networking expert, your mission is to
translate technical intents into a list of functions:

. Centralized Unit

. Decentralized Unit
. Radio Unit

AMF

AUSF

NSSF

PCF

SMF

UPF

CONDOS LN

The technical intent should follow TMF641
request!

A: Here is the expected functions that TMF641

format is considered

Q: How do you translate the data throughput
requirement into number of network resources?

A: We take into account a formulation in 3GPP
38.306.

Thput = ZvaZ;ij.R. Ress. (1 — OH)
J

When data throuhput Thput is given, we can

\ easily derive the network resource Ress /

Fig. 7. Few-shot prompting (FEW)

E. LLM evaluation for intent translation/resolution - FEACI

In order to evaluate how the answers generated from the
LLM model, general metrics such as BLEU [25] and ROUGE
[26] are commonly used in the literature. However, those
metrics are mainly used to numerically examine the similarities
between machine-translated text and references provided by
telco experts. They have been shown to be inefficient to capture
the semantic and context understanding of telecom-related
responses where different words with analogous meaning may
result in overall low scores. As a consequence, it is not
appropriate to use them to evaluate the responses generated
from LLM models in this work. To deal with this issue, we
propose a novel evaluation metric, referred to as FEACI, to
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respectively evaluate the Format, Explanation, Accuracy, Cost,
and Inference time of the generated responses as follows:

e Format: F-score measures the correctness of the struc-

ture of the output proposed by the LLM compared to
the reference structure of the RFS description (e.g., in
JSON/YML, etc.). For each translation of the CFS-RFS
pair, we consider a Boolean value: ' = 1 indicates
that the generated network configuration is extractable
by the resource orchestrator, otherwise F' = 0. Given
a CFS catalog D, the generated configuration of LLM
1 is recorded in the set A. The format score of LLM i
(.e., 0 < Fﬁf) < 1) is evaluated by the probability P as
follows: ) _

Fy) =P{F(0}) = 1]o, € A} (1)

Explanation: E-score indicates how good is an expla-
nation that the LLM proposes for its output RFS. An
explanation is not mandatory in our use case, and some-
times an explanation increases the number of tokens.
However, for evaluation purposes, we consider the quality
of the explanation to understand the result and improve
the prompt, especially in cases where the LLM performs
multiple calculations before providing the output (as
described in the prompt of Figure 7). £ = 1 means
LLM models can produce a satisfactory explanation for
those responses generated, otherwise £ = 0. In this work,
we applied human evaluation to assess the quality of the
explanation. The explanation score of the generated set
A of the LLM i (i.e., 0 < Ef;) < 1), given CFS catalog
D is as follows:

EY = P{E(0}) = 1]o, € A} )

Accuracy: A-score assesses the configuration values of
LLM responses by comparing them to the respective
reference values. Together with confirming the format of
LLM responses, this metric aims to quantify the quality of
LLM generation by statistically measuring the percentage
of matching values between the response and the target
reference. In this sense, each output ofl of LLM ¢ receives
a score A € [0,1]. The accuracy score of the generated
set A of the LLM i (e, 0 < A%} < 1), given CFS
catalog D is measured by the following expectation E:

AD = B{AD (0})|o, € A} 3)

Cost: C-score measures how much we should pay (in
terms of USD) for the prompt tokens used. For the
close-source LLMs (i.e., Gemini 1.5 pro or GPT-4), the
amount of input tokens (i.e., IN;,,) and output tokens (i.e.,
Nyyt) are used to determined the cost (i.e., ¢; and c,,
respectively) as

C= Cz(Nzn) + Co(Nout) 4

With open-source LLMs (i.e., LLama, Mistral, etc), there
is no additional cost associated with the number of tokens
generated (i.e., C' = 0). The normalized cost (0 < C(") <
1) is computed based on a threshold Cj as follows:

o {go if C <10C,

1 if C>10C, )
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In this work, we consider the reference C, = 0.1 [USD].
Given CFS catalog D, C-score is computed as follows:

O = E{C™(0})]o, € A} ©)

o Inference time: I-score measures the delay of generating
the answer from the moment users query the LLM models
until the responses are shown. Generally, this metric is
heavily dependent on the processing time (i.e., {proc)
of input tokens (i.e.,X;nToken) in the transformer layer
and time (i.e., t4¢y) required for generating output tokens

(i'e"YoutToken)-
I= tproc(XinToken) + tgen (YoutToken) (7)

The normalized version of this metric (I(™) is computed
by defining a threshold Iy (Iy > 0) as follows:

s [7; fI<To
1 ifI> 1o

In this work, we consider the threshold I, = 60 [seconds].
Given CFS catalog D, I-score is computed as follows:

19 = E{I™(0})|o, € A} ©)

The following evaluation score is proposed to examine the
LLM models ¢ for the translation of service resolver from the
data set D:

®)

ggil‘v = wy X Fg) +wo X Eg) +ws X A(DZ) —wyg X C(DZ) —ws X I(DZ)

(10)
where 0 < w; < 1,47 =1,...,5, is the corresponding weight
of each elementary score, representing the weight of each
individual contribution to the total score.

IV. RESULTS AND DISCUSSION

A. Scenario description

For the sake of simplicity, our E2E network omits the
transport network and comprises only two entities: (i) a RAN
and (ii) a Core network. To establish an E2E network service
from user intents, the corresponding RAN and Core network
functions must be appropriately configured, prior to the de-
ployment. Figure 8 illustrates our target scenario in which a
Radio Unit (RU), a Distributed Unit (DU) and a Control Unit
(CU) are involved as the RAN functions, while User Plane
Function (UPF), Access and Mobility Management Function
(AMF), Policy Control Function (PCF), Session Manager
Function (SMF), Authentication Server Function (AUSF) and
Network Slice Selection Function (NSSF) are considered in
the Core network. Customers express their demands through
a User-friendly chatbot containing technical parameters (i.e.,
CFS) such as service slicing types, throughput requirements,
maximum latency, numbers of supported users, etc. and wait
for the deployment of their demands that are translated into a
list of configurations for each network function (i.e., RFS).

B. Simulation setup

Our experiment setup for testing open-source LLM models
consists of a computing server, which is built based on 12xIn-
tel(R) Xeon(R) E-2236 CPU of speed 3.4GHz and 2xNvidia
H100 GPUs with 80GB of vRAM. We regard Gemini version

Core
Network

Fig. 8. Network deployment for Parisien region

1.5 Pro (GEM 1.5) and ChatGPT version 4 (GPT-4) as closed-
source models, since their underlying model specifications are
inaccessible to the public. In this case, we use API to send
the request to the closed-source model. On the other hand, the
open models such as Llama-3 with 8B parameters (LLama I),
70B parameters (II), and Mistral models with 7B parameters
(D, Mixtral 8x7B parameters (II) are also considered in our
study.

In general, closed-source models, which are only accessible
via APIs, have more trainable parameters than open-source
counterparts, which are locally stored in our computing server.
We also demonstrate the inference cost of the LLM models
by comparing the total cost associated with the number of
input/output tokens required to tokenize the prompt and gen-
erate answers (i.e., in U.SD) per 1 million tokens used. In this
regard, the costs associated with the open-source models are
0, in contrast to those found in the closed-source models.

Concerning the decoding strategy for the language model
to generate the network configuration, temperature sampling
and nucleus sampling are used where temperature (i.e., T’
parameter) and top — p are set at 0.2 and 0.9, respectively.
Table I presents the parameters of open-source and closed-
source LLM models employed in this work.

TABLE I
(HYPER)-PARAMETERS OF LLM MODELS

Model(s)
Parameter(s) | GEM GPT Llama LLama | Mistral | Mixtral
1.5 4 1 11 I I
N-params 1500B 1760B 8B 70B 7B 45B
Open N N Y Y Y Y
Attention N/A N/A 32 32 32 32
heads
Token N/A N/A 128K 128K 32K 32K
Size
Attention N/A N/A 32 80 32 32
layer(s)
Activation N/A N/A SILU SILU SILU SILU
function
Cost In/Out | 1.25/5 10/30 0/0 0/0 0/0 0/0
(per 1M TK)

C. Numerical results

To obtain the statistical results of intent translation, we
consider a catalog containing 10 network service orders that
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correspond to 10 CFSs. Then, each translation from an CFS
into an RFS is iterated 10 times for the average results.

Table II gives the BLEU/ROUGE performance of intent
translation when zero-shot (ZERO), one-shot (ONE) and few-
shot (FEW) prompting are applied on the closed-source/open-
source LLM models. In particular, the generation of network
configurations for each model and each prompting approach is
compared to a reference configuration, which is pre-designed
by our telco experts. As shown in this table, without prompts
(i.e., ZERO), the scores of BLEU/ROUGE are 0 which sig-
nifies that the LLM models are not able to properly export
the network configurations corresponding to the expert’s ex-
pectation. When one-shot/few-shot prompts are applied to the
models, they are capable of producing the correct format of
network configuration. This explains why the scores improve
when compared to those of zero-shot prompting. However,
those numbers do not have any significative meaning as we do
not know how effective the translations are. As a consequence,
we cannot use this general metric as a benchmark to compare
the translation performance of the LLM models.

TABLE 11

PERFORMANCE OF INTENT TRANSLATION WITH GENERAL METRICS.

Prompt Metrics GEM | GPT | LLAMA-I | LLAMA-II | Mistral-I | Mistral-II
ZERO | BLEU/ROUGE | 0.0 0.0 0.0 0.0 0.0 0.0

BLEU 0.415 | 0.382 0.236 0.331 0.332 0.361

ROUGE-1 0.164 | 0.177 0.124 0.173 0.145 0.147

ONE ROUGE-2 0.130 | 0.145 0.097 0.115 0.111 0.111

ROUGE-L 0.164 | 0.177 0.124 0.173 0.145 0.147

BLEU 0.455 | 0.291 0.376 0.429 0.383 0.394

ROUGE-1 0.243 | 0.117 0.599 0.158 0.145 0.141

FEW ROUGE-2 0.217 | 0.085 0.0 0.119 0.111 0.106

ROUGE-L 0.243 | 0.117 0.599 0.158 0.145 0.141

Table III compares translation performance when our met-
rics (i.e., FEACI) are used. They examine the Format (F),
Explanation (E), Accuracy (A), normalized Cost (C), and
normalized Inference time (I) of each language model to
produce technical intents for RAN and Core networks. It shows
that one-shot prompts is essential for the models to understand
the output format of the network specifications, while few-
shot prompting plays a significant role in reasoning why the
certain results are generated (i.e., better scores obtained for the
explanation (E) and Accuracy (A) metrics).

In terms of accuracy, zero-shot prompting (ZERO) is insuffi-
cient for the models to produce the expected results when there
is no matching between the configuration file generated from
the models and the references. One-shot prompting (ONE)
considerably improves the accuracy to 54%-84%, when an
example of format and expected results is given to the LLM
models. Few-shot prompting (FEW) further enhances accuracy
of the intent translation compared to one-shot prompting
(ONE). Besides, the numerical values show that open-source
LLM models allow us to achieve accuracy performance similar
to the one of closed-source models, which are much larger and
computationally expensive.

In terms of computational cost, only closed-source models
are taken into account as there is a price associated with
the number of input/output tokens used to tokenize the user
demands and generate the responses. Among them, the most

TABLE III
PERFORMANCE OF INTENT TRANSLATION WITH OUR METRICS

Metrics Prompt | GEM | GPT | LLAMA | LLAMA | Mistral | Mistral

1 51 1 Bi|

ZERO 02 | o1 0.0 0.0 0.0 0.0

Format ONE 09 | 0.86 0.65 0.78 0.85 0.87

FEW 094 | 0.89 0.75 0.82 0.84 0.88

ZERO 00 | 00 0.0 0.0 0.0 0.0

Explain ONE 0.83 | 0.64 0.72 0.75 0.71 0.86

FEW 097 | 0.87 0.82 0.86 0.83 0.89

ZERO 00 | 00 0.0 0.0 0.0 0.0

Accuracy ONE 084 | 054 0.72 0.71 0.78 0.82

FEW 093 | 0.62 0.82 0.75 0.84 0.86

_ ZERO | 0.03 | 0.87 0.0 0.0 0.0 0.0

Ig:)’:{"al‘zed ONE 008 | 10 0.0 0.0 0.0 0.0

FEW 0.1 1.0 0.0 0.0 0.0 0.0

. ZERO | 024 | 036 0.62 1.0 0.65 0.84

E ’;; ‘rzanlclied ONE 027 | 041 0.69 1.0 0.67 1.0

FEW 031 | 045 0.71 1.0 0.73 1.0

expensive model is GPT-4. Furthermore, more examples we
provide to the models, higher number of input tokens are used
and turns out in higher cost. It explains why the cost related
to the few-shot example is higher than the other prompting
schemes.

Finally, we compare how much (inference) time is needed
for the model to generate the responses. Overall, this value
depends on how many tokens that the models use to generate
the results and is normalized by I, = 60 [seconds]. As we
can see from the table, few-shot prompting requires longer
inference time to generate the answers because it takes more
time to process the additional tokens. In general, inference
time of the Google Gemini 1.5 pro model is shortest when
compared with the GPT v4 model and open-source model.
Besides, inference time of the open-source models with higher
number of parameters (i.e., Mistral-II and LLama-II) is longer
than with the lighter ones (i.e., Mistral-I and LLama-I).

Table IV details the count of tokens that are consumed by
each language model to process the input prompt (i.e., zero-
shot, one-shot, and few-shot) and to generate the response
(output). In general, providing more examples through few-
shot prompting enables the model to gain a deeper understand-
ing of the context and produce more effective responses. As
a result, a greater number of tokens are utilized during the
inference process, thereby increasing the inference time over-
all. In contrast, zero-shot promptings do not require relevant
examples to process user demands and results in lower number
of tokens being used. In this scenario, while the inference time
is significantly reduced when compared to few-shot prompting,
the generated results are susceptible to hallucination when the
accuracy, the format, and explainability of the results do not
meet user expectation.

Figure 9 illustrates the total evaluation score, which is de-
scribed in Equation 10, when the weights are evenly distributed
(i.e., w; = 0.2 for ¢ = 1,...,5 ). It should be highlighted
that the cost (C) and inference time (I) are normalized in this
case. As shown in this figure, the evaluation score of the LLM
translation when few-shot prompts are applied is higher than
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TABLE IV
NUMBER OF AVERAGE INPUT/OUTPUT TOKENS USED
GEM GPT LLAMA-I | LLAMA-II | Mistral-I | Mistral-II
ZERO | 2817/2614 | 2588/2036 | 2443/3401 | 2680/3164 | 3094/2646 | 3094/2234
ONE 6511/3299 | 6858/2659 | 5697/4396 | 6723/3523 | 7328/1813 | 7328/2413
FEW | 8729/2683 | 8090/1865 | 7707/3386 | 8056/2520 | 9769/2486 | 9769/1944

that of the one-shot and zero-shot prompts, when both accuracy
and format scores are higher. GPT-4 model tends to perform
the worst because the cost-related to the token consummation
is the highest, whilst the accuracy, format, explanation scores
are not better than the other models.
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Fig. 9. Evaluation scores of LLM models including the FEACI metrics

V. CONCLUSION

In this study, we have presented an end-to-end network
intent management framework that relies on LLMs. Lever-
aging the capacity of LLMs to comprehend complex tasks
via prompt-based instruction, we have addressed the obsta-
cles encountered in the translation and resolution phases of
IBN. Benchmarking the performance of both closed-source
models (i.e., Google Gemini 1.5 pro, ChatGPT-4) and open-
source models (i.e., LLama-8B(I), LLama-70B(II), Mistral-
7B(I) and Mixtral-8x7B(II)) with few-shot (FEW), one-shot
(ONE) and zero-shot (ZERO) prompts, we have demonstrated
that prompting is an efficient method to substantially enhance
the performance. Furthermore, we have proposed FEACI, a
novel evaluation metric that assesses the performance of LLMs
in generating network configurations from user intents. The
results reveal that open-source models can achieve similar or
even better performance than closed-source models. Future
studies should examine the techniques to further improve the
reasoning capabilities and evaluation scores of the models.
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