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Cost of evaluation

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

» Density estimation [Jaini et al. AISTATS 2021]
» Correlation-based criteria [Levy et al. ICLR 2018]
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2. lTwo parametrisations of recent proposal distribution
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3. Gradient-based procedure to update the proposal
parameters by minimising mutual information
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log MMD

—0.8 - —— Target
' —— Gibbs 2
—— HB 10-1
— GWG

MY @ FLSB 1
—- FLSB 2
i | -y

Ve

0 50 100 150 200 250

Likelihood Evaluations (/500)

Image data



Experiments on Restricted Boltzmann Machines (l)

px) = e_b_ 2, 0% Ly Wi MCMGC

log MMD

— Target
—— Gibbs 2
—— HB 10-1

50 100 150 200
Likelihood Evaluations (/500)

Image data



Experiments on Markov Networks (lll)

3 MCMC
px) = H¢(x{k}) A(x, xH)O(x'| x)
k

Traceplot (Burn-in) Traceplot (Burn-in)

&
&

8
(2

(S
(S

S

S
Summary statistics
8

Summary statistics
8

—_

(=]
—_
o

0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200

Likelihood Evaluations Likelihood Evaluations

Graph data Comparison with [Zanella, JASA 2020]




Additional Experiments

log MMD log ESS log ESS
3.5 1 3.5 1
o —— Gibbs 2
~—— Gibbs 4 3.0 3.0
Gibbs 10
-1.2 1 FLSB 2 2.5 2.5
2.0 2.0
-1.4 1
L5 15
~1.6 - ] \
Wad ko - 10
-18 ; 0.5 0.5
' 1 1 1 ' 1 0.0 0.0
0 50 100 150 200 250 Gibbs 2 Giobs 4 Gibbs 10 FLSB 2 Gibbs 2 Gibbs 4 Gibbs 10 FLSB 2
Likelihood Evaluations (/500)
Figure 8. Comparison of FLSB 2 against block Gibbs sampling with block size of 2, 4 and 10 variables on RBMs.
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Figure 9. Comparison of FLSB 2 against the Hamming Ball sampler using 10 variables per block and updating 1, 2 and 3 variables per
step.



IN Numbers

Table 4. Summary of the properties of different approaches.

Method Target likelihood evaluations per sampling step  Number of variables modified per sampling step

Gibbs 2 -4 2
Gibbs 4 16 =
Gibbs 10 1024 10
HB-10-1 20 1
HB-10-2 180 2
HB-10-3 960 3
FLSB 2 1 1




