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Abstract Anti-Truncation
P 77(X;)
We propose a Tempered Anti-truncated Adaptive Multiple Let = be the target distribution, ¢ the proposal and w; = (1)
Importance Sampling (TAMIS) algorithm to solve the initialization the importance weights q(x;)
difficulty of the AIS algorithms, without introducing too many Then the modified weights
evaluations of the target density. Combining a tempering scheme W ; = max(s; w;)
and a new nonlinear transformation of the weights. As a result, Can be used to approximate the distribution

our proposal is an automatically tuned sequential algorithm that is
robust to many initial proposals, doesn’t require gradient
computations and scales well with the dimension. And, if s < 1we have :

0 = KL(n||7) < KL(x||7) < KL(]q)

1(x) x sq(x)1{x € E} + z(x)1{x € E}, where E = {x: z(x)/q(x) < s}.

Numerical Results

Target : d-dimensional gaussian .#/(50,5)®¢ \
Proposal : 5-Gaussian Mixture initialized with

either « or 7 is fixed \

ldea :

Combine auto-tuned tempering [1] and anti-
truncation to create a sequence of auxiliary
distribution bridging from the proposal to the

target
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Is ESS, > yes Stop and
ESSurgetea? > return the
results
lno

[ Calibrate 8, with (2) and s, with (3) J

|

[ Update g, to set g,,; by performing a few steps of the EM algo-
[ rithm on data x, 1, ..., x,y resampled with weights Wg’i as in (4)

r=0.4, a=300or 1000 \
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Target : Rosenbrock distribution \
Proposal :5-Gaussian Mixture initialized with

Sox =0 X1, fork=1,...5

Tl x (Y q®)' " [ 7 ! _ B
q t(xt, ;) qt(xt, ) B g( xt,i) £i°

B, =sup{p € (0,1): ESS(p) > a}

WA (2) = 0.4, = 100
where ESS(f) = (Z wﬁ.) /Z wff d =20 T =04,a0 =
=1 i=1 - T —
s, = quantileorder=T<wfl, oo Wth) : (3)
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Target : 1000-dimensional Gaussian .#/(10,5)®!0% \

\ / On the initialization \ ﬁn dimensionaliiﬁ 6n parameter tuningﬁ \
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