B-11-05 HI0EHETSHEES

HEISEERHXE Vol.30 (202556H) BAHEIZS

CAET—42 R—X [ZGraphRAGZEE AT 5 A%
CEHESEH", "BERISE" TANT—2"FMN Directory

[EEEEZERLTLSIER)

Application of GraphRAG to a CAE database

(“Calculated cases”, “Questions and answers”, “Input data”, etc.,

are in the Directory hierarchical structure)
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In the case that “calculation cases”,
hierarchical structure,
(1) Treat each category (case studies, questions and answers, input data) as a node.
(2) The logical dependencies among categories are defined as edges.
(3) Using the nodes and edges, we construct and visualize the overall GraphRAG.
As a result, we report a case in which it is possible to quickly find a computation case based on specific
input data. We report a case study in which it became possible to quickly find a computation case based
on specific input data.

questions and answers”, “input data”, etc. constitute a directory
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Fig.1 Regressed Ellipse Curve
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Fig.5 Search for Initial Frequency
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