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Problem Statement

* Entity-based KGs often suffer from high variability and inconsistency due to evolving financial terminology, therefore,
adaptive, high precision structures are helpful

* Our LLM-driven taxonomy and thematic filtering normalize nodes and relations, enabling theme-aware retrieval
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LLM maps surface forms to parent nodes and creates adaptive themes \
Taxonomy Merging:

Rooted DAGs with path fuzzy similarity, depth-aware thresholding, and root anchoring

Themes - Grandparent Layer

Performance, Predict, Policy, Market, Assessment, Causal factor, Strategy, Communication
Resource, Person, Region, Analysis, Strategy, Event, Temporal, Communication, Legal, Process, Investment,
Assessment, Economic, Political, Market, Organization, Finance, Policy
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Evaluation Approach Misclassification (%) Missing Nodes (%) Processing Time (s)
Taxonomy Merging: Recursive LLM 3 4 473
Our Approach 4 0 36

1,000 nodes are divided into 10 batches

Taxonomy Layers Variability:
1,780 triplets are used for testing
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Use Case: Thematic Information Retrieval

e Data: 15,649 finance statements; and 80 questions generated by GPT-40 (each tagged with 1-3 themes)
e Test: Retrieval performance compared with and without theme filtering on the same index
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