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Introduction

Our Method: KG-FIT

Current Challenges: KG-FIT framework includes the following steps:
» Knowledge Graph Embeddings are crucial for Al systems but often limited to structure alone

« Existing methods that combine KGs with language models face key limitations: Step 1. Entity Embedding Initialization |  Step3.LLM-Guided | Step 4. Global Knowledge-Guided Local KG Fine-Tuning
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Step 4: Knowledge Graph Fine-Tuning
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PLM-based Embedding Methods
Model PLM | MR MRR H@l H@5 H@10| MR MRR H@l H@5 H@10| MR MRR H@l H@5 H@I10

KG-BERT [22]* BERT 153 245 .158 420 - - - - - - - - -
StAR [23]* RoBERTa | 117 .296 .205 482 - - - - - - - - -
PKGC [28] RoBERTa | 184 .342 236 525 S01 426 596 .660 . 391 .565
C-LMKE [26]* BERT 141 .306 .218 484 - - - - - - - -
Hierarchical KG KGTS [25]* T5 - 276 210 414 | - 426 368 - 528 | - - -
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Structure-based Embedding Methods
Model Frame H | MR MRR H@1 H@5 H@I10| MR MRR H@l H@5 H@10| MR
Base [14] — | 233 287 .192 389 478 | 1250 .500 398 .626 .685 | 182
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Key Findings:

(1) KG-FIT effectively addresses both overfitting (LHS
)and underfitting (RHS) challenges of KGE training

(2) Hierarchical structure provides natural regularization

(3) Integration of LLM knowledge helps reach better
convergence points

Base[19] | 188 310 205 399 502 | 974 477 385 573 .655 | 118
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Our KG-FIT embedding captures both local and global semantics. UNIVERSITY OF

In this example, KG-FIT can accurately predict: Key Findings: = F_,_ip;e;r. - (-Zi)__cie - ILLINOIS
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Global: (1) Maraviroc is a type of HIV drugs, (2) Cladribine is a type of Purine Analog. « Suggesting the importance of high-quality hierarchical knowledge of entities :Z:T:——_ _——2-?;: GE HesalthCare




