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Define a transition operator 7" which leaves x invariant
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how can we compute expectations with respect to « Sample arbitrary initial state then iteratively apply transition operator
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Providing chain 1s ergodic, time averages converge to space averages

and the unknown normalising constant of the density
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HAMILTONIAN MONTE CARLO (HMC) -4 HMC IN 1D GAUSSIAN MIXTURE BLACK-BOX INFERENCE WITH HMC
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= HMC allows long-range moves in high-dimensional X’:
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= scalable to large models.
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Simulated time

THERMODYNAMIC ENSEMBLES ADIABATIC MONTE CARLO ' EXTENDED HAMILTONIAN APPROACH
TO CONTINUOUS TEMPERING !
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OUR APPROACH DYNAMIC IN EXTENDED SYSTEM ESTIMATING Z
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o Lo Random relaxtions generated by sampling W, b to encourage multimodality.
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