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3. Objectives

False Positive Rate

X Propose an Adaptive Domain-Aware Metric .
Selection Framework (ADAMS) that 6. Conclusion & Future Work
dynamically chooses optimal metrics for
domain-specific RAG assessment.

¢ ADAMS outperforms one-size-fits-all approaches like RAGAS, achieved 42% improvement in cross-domain consistency.
< ADAMS enabled domain-aware, user-aligned evaluation with customizable metric weights.




