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LSB: Local Self-Balancing MCMC in Discrete Spaces
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Casel 2484021 230+0.22 2424019 1.75+0.17 2.50+0.28 2.46+0.28
Parametrizations Case?2 3.33+0.32 294+0.36 3.33+0.33 1.72+0.18 2.98+0.24 3.33+0.43
Case3 2.58+0.73 1.99+043 256+0.62 1.26+0.12 248+0.61 2.67+0.84
Case4 328+9.2 185+6.8 31.84100 260+1.46 184+80 30.8+9.2
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BN 1 290+£0.76 3.41+£0.77 254+£032 270+0.63 3.194+046 3.2240.38
BN2 3.43+0.75 3.924+0.94 3.78+£0.50 3.63+£0.67 3.524+0.42 3.44+0.44
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Objective

Iy = KL{px()T(x'| )| px(x)px (x') }
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