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Assumption of the Biased Ground Truth
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Pattern matching based hotspot detection » Density-based feature: Local pattern density affects the layout attribute
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Extraction Procedure Effectiveness of the Biased Learning Algorithm
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1. Feature Crafting v.s. Feature Learning
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» Storage and computional efficiency » Industryl-Industry3 are from industry design and correspond to difference
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The Architecture

o L i i i Result comparison with two state-of-the-art hotspot detectors
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» Not storage and computational efficient
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Hotspot detection accuracy is more important e e
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» Hotspot — Circuit Failure N Can Cuas o] Cond - @ Non-Hotspot » Propose the feature tensor representation of layout clips
» False Alarm — Runtime Overhead » Propose the biased learning algorithm
» Consider methods for better trade-off between accuracy and falsealarm » Demonstrate the feasibility of deep learning solutions for advanced DFM research
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