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Introduction (1/3)

4 Network Virtualization
< Modern network extends beyond physical networks to virtual networks

< SDN/NFV gives us new ways to design, build, and operate networks
® Separate control/data planes, centralized management
® Hardware dedicated, closed network functions — Softwarized Virtual Network Functions (VNFs)
® Reduce CAPEX/OPEX

< Recently, telcos and service providers use SDN/NFV to provide their services more efficiently

Switch
ngs":z':;able Contrqller

Control Plane \ Machme\

S-GW GGSN/SGSN BBU
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Closed, Proprietary Open, Standards Based

Software-Defined Networking (SDN) Network Function Virtualization (NFV)
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Introduction (2/3)

Global Al in Networks Market R T e e
Sire, by Component, 2024-2033 (USD aition)
160 1433
Al Networking 140
Network Al Assistants | 120 079
N WiFi 7 (802.11be) 100 "3
80
\Functim Accelerator Cardk LU
Service Connectivity Layer () SONIC o : 40)
iy T - \ a0 " a8) M7
_ Software-Defined ) s
( 20 a4 W2
g Alternative WAN Cloud Interconnect 8 - . . . l
o Backbone Services ;-
— ’ 023 2024 020 W03 0N 202 200 30 2000 2092 W0
l;: 5G Private Mobile Networks () Naa$ 20
= 56 Al in Networks Market Size Growths (market.us, Jan. 2025) [3]
o Managed SASE 1
E Coffee Shop Networking (_ —
> Al Ethernet Fabric () .
i scd SD-WAN
. ) Py
Network Digital Twin . Microsegmentation
OpenRoaming

Quantum Networking

Network Sustainability Edge loT Networking

) ~ a2 SoftwareDefined Networking

.?'{\.___,.-P""AISASE

WiFi 8 (802.11bn) —

Satellite to

Device Direct (SCS) m’;’:ﬂﬂg S
As of J ]
Innovation Peak of Inflated Trough of Slope of Plateau of
Trigger Expectations Disillusionment Enlightenment Productivity
TIME
Plateau willbereached: (O <2yrs,. O 2-5yrs. @ 5-10yrs. A >10yrs. & Obsolete before plateau

Hype Cycle for Enterprise Networking (Gartner, June 2024) [2]

5/38



Introduction (3/3)

¢ NFV Management and Orchestration (NFV-MANO)

< Provide networks and services in NFV environments {7 =™ 7 ToesesrEe o0
0:0 Manage phyS|Ca|/V|rtuaI networks E Emity{gj}.ﬁager ‘ Catahllzgue Cat::‘::gue InsTaF:ces Re?ﬂes
® Resource components: network resource, VNF instance/servicesi W:F VNI:Manager{UNFM}
® Management components: NFV Orchestrator, VNF Manager, |
Virtualized Infrastructure Manager, etc. L NPV Infrastructure (NFVY) ————— Ve ARt
NFV MANO
¢ Intent-based Networking (IBN) ETSI NFV-MANO architecture [1]

< Use high-level intent to operate networks and services
® Specify user's management objectives
< Understand and interpret user’s intent

NSD,
Config
< Translate natural language intent and generate ont: Ysaoure the @ =

. . . . traffic to our network"
management policies and low-level configurations

Concept of Intent-based Networking
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Problem Statement

4 Needs for Al-driven Network Management

< Challenges in Al-driven Network Management

® Most of studies focus on specific management function on FCAPS
FCAPS: Fault, Configuration, Accounting, Performance, Security Management

* e.g., Al-based anomaly detection, resource optimization, etc.
® Mainly use Al models for specific functions based on generated policy by administrator

— Need to generate network and service management policies based on intent (IBN)

¢ Limitations of legacy IBN approaches
< Traditional rule-based approaches focus on intent parsing — low accuracy and scalability

< NLP-based approaches

® Legacy NLP approaches — Still hard to generalization, context understanding, generation accuracy
® Recent studies still have focused on simple intent translation using LLMs

— Need policy generation and intent fulfillment, not just abstraction by intent translation
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Research Goals & Contributions

¢ Intent-based Automated Network Management Methods using LLMs in NFV
environment

< LLM-based Intent translation and management policy generation
® Translate user intent and generate network and service management policy

» Improve translation accuracy and policy generation accuracy using LLMs

® Adjust LLM optimization techniques to maximize LLM inferences for network management domain
» In-context learning with prompt engineering, RAG, feedback mechanism, etc.

® Case study on management scenarios
» VNF/service management tasks such as deployment, Service Function Chaining (SFC), auto-scaling, security, etc.

< Policy validation and intent fulfillment framework
® Validate generated management policy before deploying to real NFV environment by control plane

= Utilize the verification and regeneration closed-loop with syntax and semantic validation

® Evaluate intent fulfillment in real NFV environment
= Implement the LLM-based pipelines to deploy the generated policy
» Verify the actual accuracy to identify the user’s intent is reflected well in network operations
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Background

¢ Applying LLMs to Network Management Domain

< How do LLM understand network domain knowledge?
® Use pre-trained knowledge and new/updated domain-specific data

4 Domain Adaptation Techniques

< Prompt Engineering
® Design the prompt to align with specific task

< Retrieval-Augmented Generation (RAG)
® Retrieve the additional documents from external knowledge bases

< Feedback mechanism
® Align outputs using self-feedback or human feedback
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Related Work

¢ Related studies for IBN approaches using LLM

Reference

Proposed

Target Output

Target Environment

Models/Techniques

Dzeparoska et
al. [6] (2024)

Intent translation and policy generation

Policy for instance deployment
(create, delete)

NFV environment
(OpenStack)

GPT-3.5
/ Prompt engineering

Mekrache et al.
[7] (2024)

Intent translation and NSD generation

NSD for service deployment
(create, delete)

5G testbed

GPT-3.5
/ Prompt engineering

Wang et al. [8]
(2024)

Intent management architecture design

Management policy

Overall networks

(not implemented)

(OpenStack)

Kou et al. [9] Intent abstraction and detect collision Abstracted template (python script), | Simulation GPT-3.5, GPT-4, GPT-40
(2025) intent collision detection (Python NetworkX) / not specified
Tu et al. [10] Intent translation for network Management template (JSON) for Network d evices and LlaMA, GPT / Prompt

. ) : : . NFV environment . . ) :
(2025) configuration device/NFV configuration engineering, fine-tuning

Nam et al. [11]
(2025)

MOP-based automated VNF
installation & configuration

VNF instance creation and
installation workflows

NFV environment
(Kubernetes)

Open-source LLMs, GPT/
Prompt engineering, RAG

Ours

Intent management
(intent translation, policy generation,
intent fulfillment)

NFV Management policy
(deployment, SFC, auto-scaling,
security/network configuration)

NFV environment
(Kubernetes)

Open-source LLMs, GPT/
Prompt engineering, RAG,
feedback mechanism

11/38



Design
Y

| Thesis Scope

I Overall Designs
I Intent Translation

I Policy Generation

12/38



Thesis Scope

¢ Intent-based Automated NFV Management Methods using LLMs
< Intent Translation
< Policy Generation

» Intent Fulfillment

User Intent

Intent Translation

a

\ 4

Intent Fulfillment

Policy Generation

A

\ 4

NFV Infrastructure

Overall Concept of IBN (Thesis Scope)
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Overall Design

¢ Intent-based Automated NFV Management Framework

User
request

Intent
fulfillment

== |ntent Translation process

== Policy Generation process

RAG
Module

Domain
Knowledge base

user intent
_ —
Intent Translation | «
translated intent
search
translated >
intentl LLM -
Modul relevant results
Policy Generation | original Intent, | ' O0HI€
translated intent
b
E
Generator generate policy
lpolicy
.o monitor
Verifier NFV -
Monitoring
monitoring!
verified results monitoring
olic results
poticy adjust
TP | Control P il
. . > ontro ane
Policy Execution < (Controller/NFVO) ‘adjT
result result

NFV Infrastructure
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Intent Translation

& Intent Translation

< Understand and translate input using LLM and

Identify “what user want” and keywords | Userinput |
< Refer IETF RFC documents '““’"””“S'a“"“l
® RFC 9315 - IBN: Concepts and Definitions System Prompt
® RFC 9316 - Intent Classification v query | Chain-of-Thought
_ _ User Prompt - (CeT)
< Define target management tasks, action, Few-shot Leaming
requirements, constraints Translated | «—— Domain Adaptation
Intent result Techniques
® Tasks: deployment, SFC, auto-scaling, etc. JSON
template
® Actions: create, update, delete v

: . . [ Policy Generation ]
® Targets: instance/service information

. Overall Design of Intent Translation
® Requirements

® Constraints
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Policy Generation (1/3)

¢ Policy Generation

< Management policy generation

® Target environment (nodes, services, instances, etc.)

® Management tasks
= Deployment
= SFC
= Auto-scaling
= Security configuration

= Network configuration

® OQutput
= YAML manifest template
< Verify the generate policy
® Syntax validation

® Semantic validation

[ Intent Translation J

Policy Generation

Generator ¥

Original intent
Translated intent

System Prompt

¢

Standards,
Technical
Documents,
examples, etc.

Domain Knowledge

search
RAG
= User Prompt —
query
Policy < > LLM
result
Feedback
mechanism )
enerated polic
(If fails) 9 policy
Verifier B
\ SE—— ek « Template format
Syntax validation + Parameters
_ » Parameter values
J' ””””” « Capacity | usages
Semantic validation

-~
-
-_—
—_—
—

+ Execute order
* Otherconflicts

¢ Verified policy

[ Policy Execution J

Overall Design of Policy Generation
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Policy Generation (2/3)

¢ RAG (Retrieval-Augmented Generation) for Policy Generation

< Use additional domain knowledges for NFV Management

® Tasks/Definitions: Kubernetes technical documents (K8s Docs)

® Attributes: Reference API documents (K8s Refs)

® Examples: Executable use-case examples (Use-cases)

< RAG Optimization techniques
® Chunking
® Dynamic few-shot examples
® RRF (Reciprocal Rank Fusion)

® Output filtering

g

Generator
Policy Generation)

RAG Request (intent)
Optimization §
search
Retriever
l results
RRF
search
Output Filtering —l

result

@4— Chunking

Knowledge
bases

LLM

chunked
documents

|

Standards,
Technical
Documents,
examples, etc.

Domain Knowledge

i Retrieval results

User Prompt J

Overall Design of Policy Generation
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Policy Generation (3/3)

4 Dynamic Few-shot Examples

< Provide few-shot examples by given intent dynamically
® Retrieve 3 few-shot examples with RAG
® Uses “Use-cases” as a knowledge base

¢ Reciprocal Rank Fusion (RRF)
< Create Integrated ranks by weighted rank from multiple RAG retrievers
< Optimize RAG retrievals, reduce the context length of prompt

N
1
Prompt (context) Prompt (context) RRF _score(d) = ) Tk (@)
Reciprocal Ranks i1 o
T rank,(d): rank of document d in the i-th source

Intent: deploy a web client Intent: deploy a web client Knowledge base A .
pioy Improved Pioy . Aople  1/1= 1.0 Sum Reciprocal Ranks
Static few-shot examples accuracy Use-case examples from RAG e a0
1) Deployment example - 1) Deployment example 1 . Graph: 1/3= 0.33 - Apple :1.0+0=1
2) SFC example Reduced 2) Deployment example 2 # . Banan.a- 05+ 1-0_— 1.5 -
. processing Knowledge base B + Graph: 0.33+0.5=0.83
time « Banana:1/1=1.0 - Orange: 0 +0.33=0.33

RAG retrievals + Graph: 1/2=0.5

RAG retrievals : 2=
(K8s Doc, K8s Refs) Orange: 1/3 = 0.33

(K8s Doc, K8s Refs, Use-cases)

Static few-shot examples approach vs Dynamic few-shot examples approach Basic concept of RRF algorithm

Re-Rank

1.
2.
3.
4.

Banana: 1.5
Apple: 1
Graph: 0.83
Orange: 0.33
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I Intent Translation

I Policy Generation
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Data Generation

¢ Intent Dataset

< Refer the intent data from documents by ETSI, Kubernetes, and related studies
< User commands and instructions expressed in natural language
® Include Target task, action, target resource/network, requirements, constraints

< Include 5 management tasks (10 data each) + combined tasks (12 data)
® Design the data from low complexity intent to more complex intent

Target Tasks Intent Examples

Deployment Create an Intrusion Detection System (IDS) instance ids1 and Deep Packet Inspection
(DPI) instance dpiZ2 with | replica on kE8s-worker(02 node. Resource requests: 500m
CPU and 512Mi memory: resource limits: 1000m CPU and 1024Mi each.

SFC Configure a Service Function Chain (SFC) with Firewall-IDS-DPI VNF instances in order.

The names of instances are Firewall=fw, IDS=ids, and DPI=dpi in the =fc namespace.

Auto-scaling Update a web server named web-scale in the scaling namespace with 2 replicas, pro-
viding an auto-scaling function when CPU utilization exceeds 60%: maximum replica = 5,

minimum replica = 1.

Security Block IP 10.10.10.16 and port 80 for VNF instances with selector vnf-sec-block in
Configuration the security namespace.
Network Limit the traffic shaping for Load Balancer (LB) instance named 1b1 to 10 Mbps bandwidth
Configuration for ingress/egress traffic.
Examples of NFV management intents The proportion of intent dataset
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Intent Translation

¢ Implementation of Intent Translation

< Prompt design with CoT and few-shot learning
® System Prompt (CoT): step-by-step reasoning, define the rules and requirements

® User Prompt (Few-shot learning): 5 few-shot examples

< Build and validate the JSON object template based on the output of LLM module

Example Intent: Create a http web server named ‘web-svc’
with 2 replicas in ‘web-ns’ namespace.

[ User Input J Expected Output:

{
"task": "deployment”, “requirements”: {
"sfc": {

Intent Translation
v

Prompt files

Policy
Generation

LLM Module

] JSON object

Implementation of Intent Translation

"action": "create",
"target_instances": [

"enabled": false
}

System prompt —_— Prompt Local Server (Ollama) { :
Load Integration "type”: "web", "autoscaling”: {
User prompt prompts l [ Local LLMs ] ::?:g[?g;;ﬁfwfb'svc"’ , Snableds false
| - [
Completed = "networking”: { "slo™: {
Prompt Cloud (OpenAl) "namespace”: "web-ns", "enabled": false
"ports": [ }
- - { b
Build & validate [ Cloud LLMs ] "port": 80, "constraints": {}
JSON object result "protocol”: "TCP" }
}

Example of intent translation result
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Policy Generation

¢ Implementation of Policy Generation [ Intent Translation J

Pipeline: LangChain

% Build plpellnes using open-source tOOlSE Policy Generation | onamarmont M & RAG
and frameworks Generator translated intent RAG ® Milvus
Y
® Overall pipeline: LangChain System Prompt Rotriover @
® LLM: Ollama, OpenAl v
) : search Optimization Vectorized DB
® RAG: Milvus Feedback User Prompt < retrievals
: | mechanism v
. . (If fails) >} Ollama n
< Build and validate the K8s YAML —»! Integrated Prompt query | LLMs Flotama @ opena
i L | Cloud
manifest template based on the output - L Loup Coca Clous
of LLM module
Verifier lgﬁ[}ﬁ;ﬁt“ NFV Environment
% Interacts with NFV environment S - — dryrun
yntax validation request Validation
¥ - > tool result K8s
nt
Semantic validation c;t;rg; NFV monitor | Cluster
result Monitoring Fm—

y Verified policy (YAML manifest)

[ Policy Execution J

Implementation of Policy Generation

22/38



Evaluation
e

| Experimental Setup

I Intent Translation

I Policy Generation

I Entire Framework Analysis
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Experimental Setup (1/2)

¢ End-to-End (E2E) Testbed Environment

. User request (Intent) NFV Infrastructure (NFVI) NFV Monitoring
. l _[ Prometheus ]4— @
Monitoring . > ' Monitoring DB
metrics nhﬂglr:.:'liiosrmg [ Sloth ]4— (promdb)
Intent Management
Virtual layer Service 1
Intent Policy Policy < Control & Management | —
[ Translation J [ Generation ] [ Execution | ) c°“'|'p:“°“t5 [ instance 1 ] [ instance 2 ]
stio
Query 1 T Response Execute Kubernetes \ Service Mesh / Service 2
(API calls) (Output) policy proxy Auto-scaler [ Instance 1 ][ Instance 2 ][ Instance 3 ]
LLM & RAG \ )
[ NetworkPolicy )
LLM RAG i
_(w/ Calico CNI) J | L{ServiceN

Local LLMs (Ollama)
[ LLaMA ][ Gemma ] RAG

[ Mmistal ][ Etc. ]

Physical layer
(Kubernetes Cluster)

Query 1 T Response

(API calls){ | (Output) | | |
Cloud LLMs
(Ollama, OpenAl) — —t
[ Deepseek ] [ Qwen ] - -
[ GPT-40 ] [ Etc. ] Vectorized DB — —
(Milvus DB) Master node  Worker node 1 Worker node 2 Worker node 3 Worker node 4

E2E testbed for evaluation based on open-source framework and tools
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Experimental Setup (2/2)

¢ Used LLM models for evaluation

LLMs Model Names (Parameters) Company (Release date) Descriptions
Local models (GPU: RTX A6000 VRAM 48GB)
Mistral mistral:7b (7b) Mistral Al (2023.09) Light-weight model
Phi4 Phi4-reasoning:plus (14b) Microsoft (2025.04) Light-weight, reasoning model
GPT-OSS gpt-0ss:20b (20b) OpenAl (2025.08) Open-weight model of GPT for local deployment, support reasoning
Gemma3 gemma3:27b (27b) Google (2025.03) Multi-modal/lingual model with long-context support
Qwen3 qwen3-coder:30b (30b) Alibaba (2025.04) Optimized model for coding/agentic tasks, support reasoning
DeepSeek deepseek-r1:70b (70b) DeepSeek (2025.01) High-capacity open model, support reasoning
LLaMA3.3 Ilama3.3:70b (70b) Meta (2024.12) High-capacity open model, support multi-modal/lingual reasoning
Cloud models
GPT-0OSS gpt-0ss:120b (120b) OpenAl (2025.08) Open-weight model of GPT for local deployment, support reasoning
MiniMax-M2 minimax-m2:cloud (230b) MiniMax Al (2025.10) High-parameter MoE model optimized for coding, agentic workflows
GLM-4.6 glm-4.6:cloud (357b) Z.ai (2025.09) Large MoE model with advanced reasoning
Qwen3 gwen3-coder:480b-cloud (480b) Alibaba (2025.07) Agentic MoE model, multi-modal and long-context support
DeepSeek v3.1 deepseek-v3.1:671b-cloud (671b) DeepSeek (2025.08) Hybrid reasoning model
Kimi-K2 kimi-k2:1t-cloud (1t) Moonshot Al (2025.07) Trillion-parameter class agentic model, built for largescale reasoning
GPT-40 gpt-40 (200b, estimated) OpenAl (2024.05) Closed-weight model, CoT and multi-modal reasoning
GPT-5.1 gpt-5.1 (1.3~1.8t, estimated) OpenAl (2025.10) Frontier Closed-weight model of GPT
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Intent Translation (1/3)

& Evaluation for Intent Translation

< Experiment 1 — Performance comparison with existing approaches

® Accuracy and processing time analysis

® Existing studies: Rule-based heuristic approaches, baseline LLM, previous studies

< Experiment 2 — Performance comparison with various LLM models

® Accuracy and processing time analysis

® LM models
= 7 local models (from lightweight models to heavy capacity models) in Ollama platform

= 2 cloud models (GPT-40 and GPT-5.1) in OpenAl platform
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Intent Translation (2/3)

¢ Experiment 1. Comparison with Existing Approaches

< Datasets
® Previous work dataset in Tu et al. [10]
= Deployment, SFC tasks with 40 intent data
® Our work dataset

= Deployment, SFC, Auto-scaling, Security configuration, Network configuration, combined tasks with 62 intent data
< Methods

® Rule-based(heuristic) approach vs LLM-based approach
® Baseline LLM vs Previous studies vs Proposed

LLM-based
Methods Rlisopage : Tu et al. [10] (few-shot, 9 examples) Proposed (CoT + Few-shot, 5 examples)
oo (Heuristic) Baseline LLM Y : ) p p , D
(LLaMA3.3:70b) | | | aMA3.1:70b LLaMA3.3:70b | LLaMA3.1:70b | LLaMA3.3:70b

Tu et al. [10] dataset

(2 tasks, 40 data) 64.0 75.5 87.5 97.5 90 97.5
Acc. ourd

ur dataset

(5 tasks, 62 data) 597 726 - - 90.3 96.7

Processing Time 0.41 1.83 6.91 7.20 4.57 4.93

Experiment 1: Performance comparison with existing studies
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Intent Translation (3/3)

¢ Experiment 2: Comparison with various LLMs

100 - - 12
a0 - - 10
- 8
80
- 6
70 -
4
60 A 5
50 1 T T T T T U
Acc. Mistral:7b Phi4:14b GPT-0SS:20b Gemma3:27b Qwen3:30b LLaMA3.3:70b DeepSeek:70b GPT-40 GPT-5.1  Proc.
% . . . . ti '
) Baseline Acc. Bl Proposed Acc. =o=Baseline Proc. time —e—Proposed Proc. time tme(s)
Models Mistral:7b Phi4:14b GPT-0OSS:20b | Gemma3:27b Qwen3:30b [LLaMAS3.3:70b| DeepSeek:70b GPT-40 GPT-5.1
Acc. 56.4 58.1 58.1 67.7 69.4 71 67.7 74.2 80.6
Baseline
Proc. time 0.58 1.19 3.89 2.52 3.09 3.12 8.71 1.83 1.91
Acc. 82.3 83.8 82.3 91.9 88.7 96.7 87.1 96.7 98.4
Proposed
Proc. time 0.68 1.32 4.21 3.01 3.91 4.93 10.21 2.12 2.24

Experiment 2: Baseline LLMs vs Proposed methods (Accuracy, Processing time)
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Policy Generation (1/4)

4 Evaluation for Policy Generation

< Experiment 3 — Performance Comparison with various LLM models

® Metrics

= Validation accuracy: syntax and semantic validation accuracy by the verifier (provided in Appendix)
= Actual accuracy: accuracy that policy is deployed and conduct the task aligning with the given intent

= Processing time: time for LLM generation from intent input to YAML manifest output
® LM models

= 7 local models (from lightweight models to heavy capacity models) in Ollama platform

= 8 cloud models in OpenAl and Ollama platforms (provided in Appendix)

< Experiment 4 — RAG Performance Analysis

® Performance analysis of RAG module (Provided in Appendix)
® Metrics:

» Embedding phase: embedding time, size of constructed DB

» Retrieval phase: Cosine Similarity (CS), Precision, retrieval time
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Policy Generation (2/4)

4 Experiment 3.1: Comparison per Local LLM and Method (actual accuracy)

100 H

80 -

60 -

40 -

20~

0  oucoe RN
Acc. (%) Mistral (7b)

O Baseline
OCoT + Few-shot (D-1)

Phi4 (14b)

GPT-0SS (20b)

BCoT (w/ translated intent)
@CoT + Few-shot (D-3)

Gemmaa3 (27b)

Qwen3 (30b)

OCoT + Few-shot (S)
B CoT + Few-shot (D-3) + RAG

DeepSeek (70b)
CoT + Few-shot (S) + RAG

LLaMA3.3 (70b)

B CoT + Few-shot (D-3) + RAG + Feedback

Models Mistral:7b Phi4:14b GPT-OSS:20b Gemma3:27b Qwen3:30b DeepSeek:70b LLaMA3.3:70b
Baseline 0.00 0.00 9.35 3.23 4.84 7.42 8.06
CoT (w/ translated intent) 1.94 5.16 15.16 6.77 6.45 10.32 11.29
CoT + Few-shot (S) 2.90 7.42 17.10 9.03 12.58 17.42 18.71
CoT + Few-shot (S) + RAG 0.00 2.90 14.52 5.81 7.42 9.03 9.68
CoT + Few-shot (D-1) 19.35 49.35 59.35 42.90 56.13 61.29 64.84
CoT + Few-shot (D-3) 30.00 63.55 74.84 53.55 70.97 76.45 78.71
CoT + Few-shot (D-3) + RAG 32.90 69.03 79.03 57.42 77.10 77.10 81.29
CoT + Few-shot (D-3) + RAG + Feedback 34.84 72.90 80.97 61.29 82.58 83.23 84.19
Experiment 3.1: Actual accuracy comparisons for each method (local LLMs) 30/38




Policy Generation (3/4)

¢ Experiment 3.2: Comparison per Local LLM and method (processing time)

150 -

120 -

90 -

60 -

30 -

Time (s) Mistral (7b)
OBaseline
OCoT + Few-shot (D-1)

Phi4 (14b)

GPT-OSS (20b)

BCoT (w/ translated intent)
@CoT + Few-shot (D-3)

Gemmaa3 (27b)

Qwen3 (30b)

O CoT + Few-shot (S)
mCoT + Few-shot (D-3) + RAG

280.86s

DeepSeek (70b)

LLaMA3.3 (70b)

CoT + Few-shot (S) + RAG
B CoT + Few-shot (D-3) + RAG + Feedback

Models Mistral:7b Phi4:14b GPT-0OSS:20b Gemma3:27b Qwen3:30b DeepSeek:70b LLaMA3.3:70b
Baseline 511 28.16 26.42 14.17 5.73 59.58 26.80
CoT (w/ translated intent) 3.42 23.62 19.95 9.28 16.67 51.2 26.76
CoT + Few-shot (S) 10.94 28.19 25.38 19.06 20.96 86.31 38.93
CoT + Few-shot (S) + RAG 11.43 27.15 31.72 23.97 29.56 84.00 54.29
CoT + Few-shot (D-1) 8.94 17.33 23.38 18.65 18.05 73.66 36.41
CoT + Few-shot (D-3) 13.48 18.91 32.64 3241 30.02 137.32 61.99
CoT + Few-shot (D-3) + RAG 16.72 23.38 34.85 36.53 32.98 141.24 101.02
CoT + Few-shot (D-3) + RAG + Feedback 40.20 28.09 40.91 77.72 40.71 280.86 103.41
Experiment 3.2: Processing time comparisons for each method (local LLMSs) 31/38



Policy Generation (4/4)

¢ Summary of Experiment 3 with Cloud LLMs

Methods Actual Accuracy (%) Processing time (s)
Baseline 12.26 4.05
CoT (w/ translated intent) 14.84 2.42
CoT + Few-shot (S) 35.16 4.32
CoT + Few-shot (S) + RAG 30.32 8.32
CoT + Few-shot (D-1) 78.06 6.67
CoT + Few-shot (D-3) 88.71 7.10
CoT + Few-shot (D-3) + RAG 90.97 9.38
CoT + Few-shot (D-3) + RAG + Feedback 93.23 15.69

Experimental results summary with Cloud LLM (GPT-5.1)

4 Summary of Experiment 4 (RAG Performance)

) K8s Docs K8s Refs
Embedding Model - : Use-cases
Document Chunking Document Chunking
Cosine Similarity 0.963 0.966 0.952 0.965 0.968
Qwen3-
embedding Processing time(s) 0.275 0.200 0.243 0.193 0.188
(8b) Precision 0.997 0.929 1.0 0.910 0.997

Experimental results summary in Experiment 4 (Qwen3-embedding)
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Entire Framework Analysis

¢ Experiment 5: Entire Processing Time Analysis per Management Task

< Analyze the processing time for each process by proposed methods and management tasks

< Use best performing models in local and cloud LLMs
® Local model: LLaMA3.3

® Cloud model: GPT-5.1

Deployment SFC Auto-scaling Security Config. Network Config. Combined Tasks
Management Tasks

Local Cloud Local Cloud Local Cloud Local Cloud Local Cloud Local Cloud

Intent Translation 3.15 2.01 6.86 3.46 6.19 3.13 3.08 1.78 4.34 1.73 5.68 2.37

RAG Retrievals 0.87 0.82 0.82 0.84 0.84 0.83 0.87 0.82 0.83 0.82 0.85 0.84

Policy Prompt Completion 1.09 1.56 1.1 1.40 1.1 1.50 1.09 1.49 1.08 1.35 1.09 1.49
Generation || | M Generation 34.75 4.91 303.81 | 19.41 87.66 4.82 39.58 1.99 29.31 2.38 81.4 6.18
Validation & Retry 1.44 151 3.1 2.87 1.56 1.48 1.48 1.29 1.49 1.45 3.02 1.64

Policy Execution (deploy policy) 64.39 65.67 68.2 67.13 66.57 66.76 0.61 0.62 0.65 0.64 70.23 65.36
Total Processing Time 105.69 76.48 383.89 95.11 163.92 78.52 46.71 7.99 37.7 8.37 162.27 77.88

Experiment 5: Entire processing time analysis by tasks and processes with local and cloud LLMs
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Result Analysis

4 Result Analysis

% Summary
® Proposed methods achieve higher accuracy than baseline methods

® LLM optimization techniques more affect the performances than the sizes of the models

= CoT, few-shot learning, RAG, feedback mechanism

® Overall processing time varies by task complexity, especially for deployment and SFC tasks

< Limitations
® Larger dataset than related studies, still limited number of intent data
® Evaluation mainly focus on Kubernetes NFVI, need to extend other environments

® Optimization to reduce processing time for local LLMs
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Conclusion
e

I Summary

I Future Work
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¢ Intent-based NFV Management Methods using LLMs

< The limitations of existing IBN approaches
® Mainly focus on only intent translation or instance deployment

® Provide still low accuracy for policy generation

< Proposed Intent Translation and Policy Generation methods

® Use LLM and domain adaptation techniques for network management domain

< Evaluation
® Analyze accuracy and processing time, compare with baselines

® The proposed methods showed significant accuracy improvement and gradual increase of

processing time
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¢ LLM and RAG Optimization

< Improve the robustness for diverse management tasks and constraints

® Extend the dataset to more diverse tasks and natural language expressions

< Achieve the cloud-level accuracy and processing time with local LLM models

® Apply fine-tuning, distillation, and prompt optimization for local LLM models

® Optimize the lightweight LLM models to migrate the resource-constraint, edge environment

¢ Extend the proposed methods to other environments and tasks

< Evaluate the proposed methods with multi-cloud and multi-domain environment

® e.g., OpenStack-based NFVI, open-source platforms such as Open5GS, Open Air Interface (OAl), etc.

< Define an intent abstraction layer across the heterogeneous infrastructure
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