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Abstract

This paper analyzes technical strategies for enhancing Al model performance in AutoML frameworks. We evaluate
and compare the architectural foundations, optimization approaches, and performance characteristics of three major
tools: Auto-Sklearn, AutoKeras, and AutoGluon. Our analysis identifies key limitations including insufficient domain
specificity, fragmented interfaces, and inadequate model interpretability. To address these challenges, we propose two
strategies: domain-specific meta-learning, neuro-symbolic integration for unified interfaces. These approaches tackle the
challenges of applying AutoML to specialized domains, processing diverse data types, and ensuring transparency in
regulated industries. Our framework advances AutoML beyond simple hyperparameter optimization toward
comprehensive domain-tailored solutions, enabling experts to develop high-performance machine learning systems
without extensive Al knowledge.
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Comell Meta-Learning,
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cloud 2018 Google Architecture
AutoML Search)
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team ensembles
Amazon
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