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ABSTRACT

As the scale and complexity of networks increase, the concept of Intent-based Networking (IBN) has been
proposed to manage networks based on user intent. With the advent of Large Language Models (LLMs), Intent
Translation, which apply LLMs to IBN and transform natural language intents into structured, abstracted forms
that can be interpreted by the system, has been attracted. This paper proposes a method for generating templates
that abstract and structure natural language intents to manage Network Function Virtualization (NFV) environment
through Intent Translation. The proposed method optimizes an LLM using domain adaptation techniques such as
Chain-of-Thought (CoT) and few-shot learning. We evaluate the proposed method by comparing it and existing
methods. The experimental results showed that the proposed method can significantly enhance the translation

accuracy.
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Gemma3 - Google (2025.03)

gemma3:27b (27b) , .
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Qwen3 - Alibaba (2025.04)
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[26] - Optimized for coding tasks, support reasoning
DeepSeek - DeepSeek (2025.01)

deepseek-r1:70b (70b) . . .
[27] - High-capacity open model, support reasoning
LLaMA3.1 - Meta (2024.07)

llama3.1:70b (70b) . . .
[28] - High-capacity open model, support reasoning
LLaMA3.3 - Meta (2024.12)

llama3.3:70b (70b)
[29] - Improved performance compared to llama3.1
GPT-40 . - OpenAl (2.024,05)
30 gpt-40 (200D, estimated) - Closed-weight model
[30] - Support full-cot and multi-modal reasoning
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Methods o Tu et al. [16] Proposed
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(Dep. + SFC) | time 0.41 1.83 691 7.20 4.57 4.93
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(5 tasks) Proc. |0 48 2.16 - - 5.09 551
time
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