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[Abstract]

In this paper, we conducted a comparative analysis of the performance of models that can be applied to web design by utilizing
the Large-Scale Language Model (LLM) and WebSight dataset released in 2024. Furthermore, we investigated the potential of
utilizing them as a business model. The DeepSeek model is a coding-specific model that recorded the lowest loss value and
showed excellent inference performance. However, the proportion of web programming languages was low, requiring additional
dataset supplementation. The Qwen 2.5 general model showed high generalization performance and flexibility compared to
coding-specific models; however, it had limitations, such as slow speed and increased memory usage when outputting long data.
LLaMA 3.2 recorded the lowest computational requirements and fastest inference speed but exhibited relatively high loss values

and inaccurate results because of the limited dataset.
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Table 4. Final experiment results

Qwen 2.5 | DeepSeek
Qwen 2.5 | LLaMA 3.2 (Coder) (Coder)
Total FLOPs |  5.380 2.453 6.151 6.470
Loss 0.151 0.214 0.153 0.146
Runtime | 16740.183 | 5707.733 | 14773.92 | 16243.338
[seconds]
Sample per | | oo 2.172 1.658 1.477
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Steps per 0.179 0.136 0.104 0.092
seconds
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