STATO0008: Stochastic Processes

Lecture 8 - Mixing Times

Lecturer: Weichen Zhao Spring 2025
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Proof: iEHW 32 bR 43 HrHilbert 2 (B I AH DG IE AL, A % R %215 2% Roch S. Modern
discrete probability: An essential toolkit[M]. Cambridge University Press, 2024. Section
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Proof: 1IEFZ7% Roch S. Modern discrete probability: An essential toolkit[M]. Cambridge
University Press, 2024. Theorem 5.2.14 [ ]
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Proof: iEB{Z7% Roch S. Modern discrete probability: An essential toolkit[M]. Cambridge
University Press, 2024. Theorem 5.2.27 [ ]



