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Abstract. Population-based Monte Carlo simulations can be used to
extend Monte Carlo (MC) methods for solving complex multimodal pos-
terior distributions that can arise in the context of inference over a mul-
timodal distribution using an interacting particles system.

This paper presents preliminary results that shows a population-based
Monte Carlo strategy can help the large number of samples required for
performing inference with the standard implementations of MC methods,
while introducing better adaptivity and exploring cappabilities.

1 Population-based Monte Carlo

Using parallel Monte Carlo simulations has the drawback that many samples are
discarded for being far from the likelihood modes, and the mixing times can be .
One approach that improves this situation is adaptively modify the direction of
the new samples upon its performance. One of these approaches is the Adaptice
Direction Sampling algorithm, where each sample changes its direction using
global statistics of the population upon the so called snooker moves [1].

Population Markov Chain Monte Carlo (PopMCMC) methods has been pro-
posed in [2] as a way for combining evolutionary algorithms with MCMC. Al-
though these developments are closely related to previous works that makes use
of several Markov Chains like Parallel Tempering [3], the PopMCMC framework
provides more freedom in terms of the kind of moves and interactions for the
Markov chains with an inmediate gain in diversity and mixing. The Evolutionary
Monte Carlo (EMC) algorithm combines tempering with crossover operations,
that enhances information sharing between the Markov chains [4]. Further devel-
opments in evolutionary optimization for parallel Markov chains has been done
in [5].

The method proposed in this paper shares some similarities with adaptive
Monte Carlo methods like Population Monte Carlo [6] and Sequential Monte
Carlo Samplers [7] in the design of a population-based move for parallel sim-
ulation. Particularly, we introduce a population-based stochastic optimization
method for perturbing the Markov chain in an interacting simulations setting.
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1.1 Random Walk Metropolis-Hastings

The Metropolis-Hastings algorithm is an algorithm that uses Markov chains for
sampling from a probability distribution π(.) that at least is known up to a
constant Z.

π(x1:k) = Z−1exp(−h(x)) (1)

The Metropolis algorithm starts with an initial setup x0 and proposes a new

state using a transition kernel T (xi
1:k, x1 : k

′

). The new states converges to the
target distribution because it’s used as the limiting distribution for the Markov
chain [8].

The new state is accepted with probability

α = min(1,
π(x1:k

′T (xi
1:k,x

′

))

π(xi
1:kT (x

′

1:k, xi
1:k))

) (2)

The transition kernel can have any form and the stationary distribution will
remain fixed, but if one considers a symmetrical proposal that keeps T (x

′

1:k, xi
k) =

T (xi
k, x

′

1:k), the acceptance probability reduces to:

α = min(1,
π(x

′

1:k)

π(xi
1:k)

) (3)

In pratice it’s difficult to find a good transition kernel, so the random-walk
Metropolis is a simple and straightforward implementation. The transition kernel
is chosen as a perturbation of the previous state by means of additive zero-mean
Gaussian noise η.

x
′

1:k = xi
1:k + η (4)

1.2 Population-based Metropolis-Hastings

Running multiple independent chains in parallel with over dispersed initial states
can be worthless because of the burn-in time and the autocorrelations of the
chains, so a population-based proposal take advantage of the interactions of the
chains in order to improve the mixing and the autocorrelations of the chains.

A particular case of an EMC is the use of snooker moves [1], where the popula-
tion members are moved towards each other using the global fitness information
of the population. The Particle Swarm Optimization [9] (PSO) algorithm can
be used for introducing cooperative dynamics in the interacting Markov chains.
Swarm intelligence and specifically PSO has been used successfully in several
multi-objective optimization problems. The algorithm is inspired by the social
behavior of bird flocks and makes use of an analogy whereby each particle flying
through the search space represents a possible solution to the multi-objective
optimization problem. The position of each one of the particles is influenced by
both the best position achieved by itself (own experience) and the position of the
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globally best weighted particle (social component). The basic algorithm uses the
position of the best particle, but smaller neighbourhoods can be used in more
complex scenarios.

The PSO adaption is done by iterating a velocity measure v
i,j
k for each parti-

cle, using x
i,
k as the best position of particle i and x,j as the global best position

in the j-th iteration.
The velocity equation of particle i at time k can be written:

v
i,j+1
k = v0 + c1r1(x

i,
k − x

i,j
k ) + c2r2(x

,j
k − x

i,j
k ) (5)

c1 and c2 are acceleration constants, r1 and r2 are momentum constants
and v0 is an inertia constant. All these constants are dependent on the problem
domain and can be can be related to the model noise. Each iteration of the PSO
uses the weights of the previous iteration, via the equation:

x
i,
k = argmaxxi

(wi
k−1p(yk|x

i,j
k ))

x
,j
k = argmaxxj

(wi
k−1p(yk|x

i,j
k ))

with the position of the particle being updated using:

x
i,j+1
k = x

i,j
k + v

i,j+1
k (6)

The above equations defines an adaptive random walk Metropolis-Hastings
that improves the choice of the update. The new acceptance ratio for the updated
particles positions:

α = min(1,
q(x

′

k|x
i
0:k−1, y1:k)

q(xi
k|x

i
0:k−1, y1:k)

) (7)

The following example shows the result of using population-based Metropolis-
Hastings for a simulating a mixture of 2 Gaussian distributions. The simulation
was done with 200 chains, starting from over dispersed points.

2 Conclusions

This work shows the basic implementation of a population-based optimization
algorithm for a self -adapting iterated importance sampling strategy. The al-
gorithm requires basic tuning of the parameters and achieves fast convergence
and is also able to explore the state-space when the starting points are far from
the modes. While standard non-interacting MCMC methods can be used for
improving SMC, additional work must be done in order to propose model jumps
when the number of modes is unknown.

Further work must be done in proving the convergence of the method pro-
posed, the preliminary results shows that the algorithm can effectively be used
in dynamic environments like tracking an unknown number of objects, where
standard Bayesian methods fails to achieve a fast estimate in real time under
severe noise conditions.
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Fig. 1. Population-based Metropolis Hastings Sampling.
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