
LSB: Local Self-Balancing MCMC in Discrete Spaces
Emanuele Sansone



LSB: Local Self-Balancing MCMC in Discrete Spaces
Emanuele Sansone



p(x) =
p̃(x)

P
x ∈ {0,1}d

Discrete Distributions



p(x) =
p̃(x)

P
x ∈ {0,1}d

Energy-based models 

Discrete Distributions

p̃(x) = e−E(x)

Models
Probabilistic graphical models p̃(x) = ∏

k

ϕ(x{k})

Data



Oracle MCMC
p̃( ⋅ ) A(x′�, x)Q(x′�|x)

010...

p̃(010...)

Markov Chain Monte Carlo - MCMC

p(x) =
p̃(x)

P



Oracle MCMC
p̃( ⋅ ) A(x′�, x)Q(x′�|x)

010...

p̃(010...)

Markov Chain Monte Carlo - MCMC

p(x) =
p̃(x)

P

Cost of evaluation



Oracle MCMC
p̃( ⋅ ) A(x′�, x)Q(x′�|x)

010...

p̃(010...)

How to learn the proposal to reduce the number of oracle evaluations?

Markov Chain Monte Carlo - MCMC

p(x) =
p̃(x)

P

Cost of evaluation



Oracle MCMC
p̃( ⋅ ) A(x′�, x)Q(x′�|x)

010...

p̃(010...)

How to learn the proposal to reduce the number of oracle evaluations?

Markov Chain Monte Carlo - MCMC

p(x) =
p̃(x)

P

‣ Density estimation [Jaini et al. AISTATS 2021] 
‣ Correlation-based criteria [Levy et al. ICLR 2018]
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Experiments on Restricted Boltzmann Machines (II)

Image data

p̃(x) = e−b−∑i αixi−∑(i,j) Wijxixj Oracle MCMC
p̃( ⋅ ) Aθ(x′�, x)Qθ(x′�|x)



Experiments on Restricted Boltzmann Machines (II)

Image data

p̃(x) = e−b−∑i αixi−∑(i,j) Wijxixj Oracle MCMCp̃( ⋅ )



Experiments on Markov Networks (III)

p̃(x) = ∏
k

ϕ(x{k})

Comparison with [Zanella, JASA 2020]Graph data

Oracle MCMC
p̃( ⋅ ) A(x, x′�)Q(x′�|x)



Additional Experiments



In Numbers


