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Introduction

» Estimating nonlinear models with particle-based likelihood
approximations is difficult due to the nondifferentiability of the
target (resampling).

» Estimation of linear models with Markov Chains can also prove to be
tricky (Where is the mode? Multimodality?) or slow.

» Sequential Monte Carlo, see Herbst and Schorfheide (2014), can
help — hssmc option.

» Importance sampling + Homotopy over distributions.
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Importance sampling, |

» Let X be a random variable. We want to compute the expectation
of ¢(X):

1 N
B, [o()] = [ ppdx o 5>~ o)

> If we obtain {x;}!, from another distribution with density g(x):

= X @ x)dx = x)o(x)p(x)dx = w
B (o001 = [ a9 25e0)x = [ a03(x)o(x)de = Eq ((X)o(X)]
with @(x) the (unnormalized) importance weight.

> We can approximate the expectation sampling from g(x):

Z p(xi) ——— Ep [p(X)]

with w(x) the normalized importance weight.
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Importance sampling, Il

» IS works as long as the support of the targeted distribution (p) is
included in the support of the instrumental distribution (q).

» How do we choose distribution g(x)?

» An optimal instrumental distribution g, minimizing the variance of
the approximation of E, [¢(X)], would depend on p and ¢.

— Therorem 3.12 in Robert and Casella (2004)

» [s it possible to find a reasonable intrumental distribution for a
posterior distribution? The prior?

» Probably better not to “jump” directly to the posterior distribution...
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Sequential importance sampling, |
Target p(01Y1) o p(0)p(V7]0)

> Consider the "simplified object p (6) p (V7|6)?

> p(6) is a good instrumental distribution for p () p (V7]6)? for small
values of ¢.

» Consider a sequence of {¢;} M, with ¢; < ¢; forall j > i and
om =1

> Use p(6) as an intrumental distribution for p (6) p (¥7|60)”* and
p(6) p(V7]6)? as an instrumental distribution for p (6) p (V7|6)"*".

» Herbst and Schofheide consider ¢, = (ﬁ)’\ with A > 1 (convexity).
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Sequential importance sampling, Il

» Suppose in step m— 1 we have a particle swarm {F)I(m_l),w,(m_l) 5\1:1-

» Then,instepm=1,..., M:
» Correction Reweight the particles
“(m) _ (m=1) [ p(m—1) ém=dm—1 o
@ = w; pl6; |Vr and normalize:
m_ 8"
1 N ~(m
Doict ‘“’E )
> Resampling (optional) — new particle swarm {55"’), + N

> Mutation MH step(s) — updated particle swarm {6, ~HL
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Sequential importance sampling, IlI

Options for the estimation command

posterior_sampling_method = ’hssmc’

posterior_sampling_options = (’particles’, 20000,
’steps’, 25,
’lambda’, 2,
’target’, 0.25,
’scale’, 0.5)
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Sequential importance sampling, IV
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Sequential importance sampling, V
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Sequential importance sampling, VI
TODO

> More options (number of mutation steps, resampling algorithm, ...).
> Complete posterior computations (bayesian IRFs, forectasts, ...).
» No reason to start from the prior distribution.

> We could start from the (empirical) posterior distribution of another
model (with the same set of estimated parameters).

» The formula for the correction would not be as nice.
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