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Foundation models based on large language models (LLMs), are increasingly being utilized across
various fields, driving a paradigm shift in problem-solving methodologies in engineering. However,
there is still no established systematic methodology for building foundation models efficiently, and
researchers and developers must largely rely on trial and error. This study focuses on the automatic
construction of training datasets, which play a crucial role in developing foundation models.
Specifically, we aim to develop a method for automatically constructing training datasets for
foundation models in the Vision and Language (VL) domain. By leveraging evolutionary approaches,
we seek to establish a methodology for efficiently and effectively automating the construction of
foundation models.
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Task Name Instruction

Interpret the meaning of text within the context of the surrounding visual

Contextual text interpretation

objects or scenes.

elements. For example, explain what a label or sign refers to based on nearby

Classify the identified text in the image into predefined categories such as

Text classification

titles, publication information, and volume details.

Determine the importance and hierarchy of multiple text elements within

Hierarchical text reasoning

complex visual settings.

the image, such as distinguishing between main and supporting text in
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