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Question

Please describe summary information for Klamath River in Cal-

ifornia

Answer (GPT3.5)

The Klamath River is a major river located in northern Cali—
fornia and southern Oregon, stretching approximately 257 miles
from its source in the Yolla Bolly-Middle Eel Wildernessto its
mouth at the Pacific Ocean. The river is an important source
of water for agriculture, industry, and domestic use, and pro—
vides habitat for a variety of fish species, including Chinook
salmon and steelhead trout. However, the river has a history
of major ecological and water management issues, including
conflicts over water allocation and dam removal. The Klamath
River is also culturally significant to several Native American
tribes, who have relied on the river for traditional fishing

and cultural beliefs.
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FUNDAMENTAL RESEARCH FOR ADAPTING LLM TO THE CIVIL
ENGINEERING FIELD

Junichiro FUJII, Junichi OKUBO, Riku OGATA and Masazumi AMAKATA

The development of text generation models based on Large Language Models (LLMs), such as ChatGPT,
has been remarkable. In the field of civil engineering, LLMs are also expected to improve work efficiency.
However, since LLMs are mainly trained on documents collected from the Web, there is a concern that
they may not be able to generate accurate text due to a lack of training on specialized knowledge in the
field of civil engineering. Therefore, as a fundamental study to realize accurate text generation in the civil
engineering field, this study attempted to adapt LLM to the civil engineering domain. We proposed an
accuracy evaluation method, evaluated the accuracy of text generation in the civil engineering domain using
a pre-trained public model of LLM and a model with fine tuning, and discussed the challenges in adapting
LLM to the civil engineering domain.



