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Higher-order logic-based knowledge representation and clustering algorithm
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Abstract; The problems of predicate invention and utility are also difficult to solve and remain open problems in knowledge
discovery based on first-order logic. Typed, higher-order logic knowledge representation formalism, Escher can express all
kinds of complex structured data. It not only can provide strong guidance on the search for frequent patterns with its strong
typed syntax, but also can resolve the problem of the invention of new predicates with its higher-order characteristic. It is fit for
knowledge discovery in complex structured data. This paper investigated the knowledge discovery in complex structured data by
employing Escher as knowledge representation formalism. In the case of algorithms, clustering of complex structured data was
studied in it and experimental verification of its effectiveness.
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