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Abstract

Importance Sampling (IS) is a well-known Monte Carlo technique that approximates integrals involving a
posterior distribution by means of weighted samples. In this work, we study the assignation of a single weighted
sample which compresses the information contained in a population of weighted samples. Part of the theory
that we present as Group Importance Sampling (GIS) has been already employed implicitly in different works in
literature. The provided analysis yields several theoretical and practical consequences. For instance, we discuss
the application of GIS into the Sequential Importance Resampling (SIR) framework and show that Independent
Multiple Try Metropolis (I-MTM) schemes can be interpreted as a standard Metropolis-Hastings algorithm,
following the GIS approach. We also introduce two novel Markov Chain Monte Carlo (MCMC) techniques
based on GIS. The first one, named Group Metropolis Sampling (GMS) method, produces a Markov chain of
sets of weighted samples. All these sets are then employed for obtaining a unique global estimator. The second
one is the Distributed Particle Metropolis-Hastings (DPMH) technique, where different parallel particle filters
are jointly used to drive an MCMC algorithm. Different resampled trajectories are compared and then tested
with a proper acceptance probability. The novel schemes are tested in different numerical experiments and
compared with several benchmark Monte Carlo techniques. Three descriptive Matlab demos are also provided.

Keywords: Importance Sampling, Markov Chain Monte Carlo (MCMC), Particle Filtering, Particle
Metropolis-Hastings, Multiple Try Metropolis, Bayesian Inference

1 Introduction

Monte Carlo methods are state-of-the-art tools for approximating complicated integrals involving multidimensional
distributions, which is often required in science and technology [16 22 23] B8]. The most popular classes
of MC methods are the Importance Sampling (IS) techniques and the Markov chain Monte Carlo (MCMC)
algorithms [22] 38]. IS schemes produce a random discrete approximation of the posterior distribution by a
population of weighted samples [6] 27, 23] B8]. MCMC techniques generate a Markov chain (i.e., a sequence of
correlated samples) with a pre-established target probability density function (pdf) as invariant density [22] 23].

In this work, we introduce theory and practice of the Group Importance Sampling (GIS) scheme, where the
information contained in different sets of weighted samples is compressed by using only one particle (properly
selected) and one suitable weight. This general idea supports the validity of different Monte Carlo algorithms in
literature: interacting parallel particle filters [5] 33, B7], particle island schemes and related techniques [42], [43], [44],
particle filters for model selection [I4] [32] [41], nested Sequential Monte Carlo (SMC) methods [34] 35 40] are
some examples. We point out some consequences of the application of GIS in Sequential Importance Resampling
(SIR) schemes, allowing partial resampling procedures and the use of different marginal likelihood estimators.
Then, we show that the Independent Multiple Try Metropolis (I-MTM) techniques and the Particle Metropolis-
Hastings (PMH) algorithm can be interpreted as a classical Independent Metropolis-Hastings (I-MH) method by
the application of GIS.

Furthermore, we present two novel techniques based on GIS. One example is the Group Metropolis Sampling
(GMS) algorithm that generates a Markov chain of sets of weighted samples. All these resulting sets of samples are
jointly employed obtaining a unique particle approximation of the target distribution. On the one hand, GMS can
be considered an MCMC method since it produce a Markov chain of sets of samples. On the other hand, the GMS



can be also considered as an iterated importance sampler where different estimators are finally combined in order
to build a unique IS estimator. This combination is obtained dynamically through random repetitions given by
MCMC-type acceptance tests. GMS is closely related to Multiple Try Metropolis (MTM) techniques and Particle
Metropolis-Hastings (PMH) algorithms [2] B] [7, 10, BT} 29], as we discuss below. The GMS algorithm can be also
seen as an extension of the method in [§], for recycling auxiliary samples in a MCMC method.

We also introduce the Distributed PMH (DPMH) technique where the outputs of several parallel particle filters
are compared by an MH-type acceptance function. The proper design of DPMH is a direct application of GIS.
The benefit of DPMH is twofold: different type of particle filters (for instance, with different proposal densities)
can be jointly employed, and the computational effort can be distributed in several machines speeding up the
resulting algorithm. As the standard PMH method, DPMH is useful for filtering and smoothing the estimation of
the trajectory of a variable of interest in a state-space model. Furthermore, the marginal version of DPMH can
be used for the joint estimation of dynamic and static parameters. When the approximation of only one specific
moment of the posterior is required, like GMS, the DPMH output can be expressed as a chain of IS estimators. The
novel schemes are tested in three different numerical experiments: hyperparameter tuning for Gaussian Processes,
localization in a sensor network and filtering of Leaf Area Index (LAI). The comparisons with other benchmark
Monte Carlo methods show the benefits of the proposed algorithmsﬂ

The paper has the following structure. Section [2]recalls some background material. The basis of the GIS theory
is introduced in Section The applications of GIS in particle filtering and Multiple Try Metropolis algorithms
are discussed in Section [} In Section [f] we introduce the novel techniques based on GIS. Section [6] provides the
numerical results and in Section [7] we discuss some conclusions.

2 Problem statement and background

In many applications, the goal is to infer a variable of interest, x = x1.p = [z1,22,...,2p] € X C RP*" where
zg € R" for all d = 1,...,D, given a set of related observations or measurements, y € R? . In the Bayesian
framework all the statistical information is summarized by the posterior probability density function (pdf), i.e.,

#(x) = p(xly) = “Y'Z’E;’f") 1)

where {(y|x) is the likelihood function, g(x) is the prior pdf and Z(y) is the marginal likelihood (a.k.a., Bayesian
evidence). In general, Z = Z(y) is unknown and difficult to estimate in general, so we assume to be able to evaluate
the unnormalized target function,

m(x) = £(y[x)g(x). (2)
The computation of integrals involving 7(x) = £m(x) are often intractable. We consider the Monte Carlo
approximation of these complicated integrals involving the target 7(x) and a integrable function h(x) with respect
to T, eg.,
I= B, [h(X)] = / h(x)7 (x)dx, 3)
x
where we denote X ~ 7(x). The basic Monte Carlo (MC) procedure consists in drawing N independent samples
from the target pdf, i.e., x1,...,xy ~ 7(x), so that Iy = % 25:1 h(x,) is an estimator of I [23] [38]. However,
in general, direct methods for drawing samples from 7(x) do not exist so that alternative procedures are required.
Below, we describe one of them.

IThree descriptive Matlab demos are also provided at https://github.com/lukafree/GIS.gith


https://github.com/lukafree/GIS.git

2.1 Importance Sampling

Let us consider the use of a simpler proposal pdf, ¢(x), and rewrite the integral I in Eq. as

I = Eﬁ[h(X)],
= h(X)w X)]
7r (x)
= = x)——=q(x)dx, 4
/ ) (4)
where w(x) = Z((:)) X — R. This suggests an alternative procedure. Indeed, we can draw N samples x1,...,XxN

from ¢q(x E| and then assign to each sample the unnormalized weights

wp, = w(x,) =

N (5)

If Z is known, an unbiased IS estimator [23, B8] is defined as Iy = ZN Z _1 wph(xy), where x, ~ ¢(x). If
Z is unknown, defining the normalized weights, W, = <=x*>— with n = 1,..., N, an alternative asymptotically

=1

unbiased IS estimator is given by
N
Iy =Y wah(xy). (6)
n=1

Both Iy and Ty are consistent estimators of I in Eq. [23, B8]. Moreover, an unbiased estimator of marginal

likelihood, Z = [, » T(x)dx, is given by 7 = ~ Zf;l w;. More generally, the pairs {x;,w;}}¥.; can be used to build
a particle approxnnatlon of the posterior distribution,

7/1:(X|X1:N) =

ané(x - Xp), (7)

= ané(x—xn), (8)

where 0(x) denotes the Dirac delta function. Table [1| summarizes the main notation of the work. Note that the
words sample and particle are used as as synonyms along this work. Moreover, Table shows the main used
acronyms.

2.2 Concept of proper weighting

The standard IS weights in Eq. are broadly used in the literature. However the definition of properly weighted
sample can be extended as suggested in [38, Section 14.2], [23], Section 2.5.4] and in [15]. More specifically, given a
set of samples, they are properly weighted with respect to the target 7 if, for any integrable function h,

E w(xp)h(xn)] = cEz[h(x,)], Vn={1,...,N}, (9)

where c¢ is a constant value, also independent from the index n, and the expectation of the left hand side is
performed, in general, w.r.t. to the joint pdf of w(x) and x, i.e., ¢(w,x). Namely, the weight w(x), conditioned
to a given value of x, could even be considered a random variable. Thus, in order to obtain consistent estimators,
one can design any joint ¢(w,x) as long as the restriction of Eq. @ is fulfilled. In the following, we use the
general definition in Eq. @[) for designing proper weights and proper summary samples assigned to different sets
of samples.

2We assume that g(x) > 0 for all x where 7(x) # 0, and ¢(x) has heavier tails than 7(x).



Table 1: Main notation of the work.

X = [71,...,2p] | variable of interest, x € X C RP*" with x4 € R" for all d
m(x) Normalized posterior pdf, 7(x) = p(x|y)
7(X) Unnormalized posterior function, 7(x) o< 7(x)
m(x|x1.n7) Particle approximation of 7(x) using the set of samples x1.xy = {x, }2_;
X Resampled particle, X ~ 7(x|x1.5) (note that x € {x1,...,xn})
wy, = w(Xp) Unnormalized standard IS weight of the particle x,,
Wy, = W(Xp,) Normalized weight associated to x,,
Wy, = W(Xpy) Unnormalized proper weight associated to the resampled particle X,,
W summary weight of m-th set S,
Iy Standard self-normalized IS estimator using N samples
lige Self-normalized estimator using N samples and based on GIS theory
Z Marginal likelihood; normalizing constant of m(x)
7 . Z Estimators of the marginal likelihood Z

3 Group Importance Sampling: weighting a set of samples

Let us consider M sets of weighted samples,

St={xtmwinthty, So={Xom, wantnZy, .. Snr={Xasn, Warnbht,
where X, , ~ g¢m(x), i.e., a different proposal pdf for each set S,, and in general N; # Nj, for all i # j,
i,7 € {1,...,M}. In some applications and different Monte Carlo schemes, it is convenient (and often required)
to compress the statistical information contained in each set using a pair of summary sample, X,,,, and summary

weight, W,,,, m =1,..., M, in such a way that the following expression
N 1 M
Iv = —r—— Y Wmnh(Xn), (10)
Zj:l Wi o

is still a consistent estimator of I, for a generic integrable function h(x). Thus, although the compression is lossy,
we still have a suitable particle approximation 7 of the target 7 as shown below. In some cases, it is possible to store
all the sets Sy, for m = 1,..., M, but the use of the concept of summary weight is needed (as an example, see the
algorithm described in Section. In other scenarios, it is convenient to employ both concepts of summary particle
and summary weight: for instance, in a distributed framework where it is necessary to restrict the communication
with the central node (see Figure . In the following, we denote the importance weight of the n-th sample in the

m-th group as wy, n = W(Xm,n) = %, the m-th marginal likelihood estimator as
JRRALL
Ly = Ni Z Wm,ny (11)
M n=1
and the normalized weights within a set, Wy, , = =v>— = —=2 forn=1,...,Ny and m=1,..., M.

n .
XS W,y NmZm

Definition 1. A resampled particle, i.e.,

N7n
§m ~ 7ATWL(X) = 7/\'(-(X|X771,1:N7,,,) = Z wm,716(x - Xm,n)a (12)
n=1
is a summary particle X,, for the m-group. Note that X, is selected within {Xm.1,...,Xm.nN,, } according to the

probability mass function (pmf) defined by Wy n, n=1,..., Np.

It is possible to use the Liu’s definition in order to assign a proper importance weight to a resampled particle
[25], as stated in the following theorem.



Theorem 1. Let us consider a resampled particle X, ~ T (X) = T(X|Xm.1:N,,). A proper unnormalized weight
following the Liu’s definition in Eq. @ for this resampled particle is W,, = Z,,, defined in Eq. .

The proof is given in Appendix Note that two (or more) particles, X, X!/, resampled with replacement from the
same set and hence from the same approximation, X),, X/, ~ T,,(x), have the same weight w(x},) = w(X/},) = Zm,
as depicted in Figure[I] Note that the classical importance weight cannot be computed for a resampled particle,
as explained in Appendix [A|and pointed out in [21], 25, [34], [27, App. C1].

Wm 4
W, 2 N R
Zm, Zm,
Wm, 1 Resample 3 times
Wm,3 [
X X
> < — x =~ _ =~ __ >
Xm,1 Xm,2 Xm,3 Xm,4 m — Xm,2 Xy =Xy = Xm4

Figure 1: Example of generation (one run) and proper weighting of 3 resampled particles (with replacement), X;,, X;,, and

X, from the m-th group, where N,,, = 4 and Z,, = %Zizl Wimn-

Definition 2. The summary weight for the m-th group of samples is Wy, = NpW,, = Nmzm

Particle approximation. Figure [2] represents graphically an example of GIS with M = 2 and N; =4, N, = 3.
Given the M summary pairs {X,,, W, }7_; in a common computational node, we can obtain the following particle
approximation of 7(x), i.e.,

M

ZM 1N Z] Zl N Zm8(x — X)), (13)

involving M weighted samples in this case (see App. . For a given function h(x), the corresponding specific GIS
estimator in Eq. is

%(X|§1;M)

It is a consistent estimator of I, as we show in Appendix The expression in Eq. can be interpreted
as a standard IS estimator where w(X,,) = Zm is a proper weight of a resampled particle [25], and we
give more importance to the resampled particles belonging to a set with more cardinality. See DEMO-2 at
https://github.com/lukafree/GIS.gitl

Combination of estimators. If we are interested only in computing the integral I for a specific function h(x),

we can summarize the statistical information by the pairs {va Wy, } where

N,
= Zwm,nh(xm,n)v (15)
n=1

is the m-th partial IS estimator obtained by using N, samples in S,,,. Given all the S = Zi\il N; weighted samples
in the M sets, the complete estimator Ig in Eq. @ can be written as a convex combination of the M partial IS


https://github.com/lukafree/GIS.git
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Figure 2: Graphical representation of GIS. In this case, M = 2 groups of N1 = 4 and Nz = 3 weighted samples are
summarized with a resampled particle and one summary weight Wy, = Ny Zm, m = 1, 2.

estimators, IE\, ), ie.,

j

M

3 Wln. (18)
ZJ 1 Wm m=1

The equation above shows that the summary weight W,, measures the importance of the m-th estimator 75\7:3,

which is another interpretation of the proper weighting the group of samples S,,. This suggests another valid

compression scheme.

Remark 1 In order to approximate only one specific moment I of T(x), we can summarize the m-group with the
pair {7 W YM_ | thus all the M partial estimators can be combined following Eq. ,

In this case,there is no loss of information w.r.t. storing all the weighted samples. However, the approximation
of other moments of 7(x) is not possible. Figures depict the graphical representations of the two possible
approaches for GIS.

All the previous considerations have theoretical and practical consequences for the application of different Monte
Carlo schemes, as we highlight hereafter.

4 Application of GIS in other Monte Carlo schemes

In this section, we discuss the application of GIS within other well-known Monte Carlo schemes. First of all,
we consider the use of GIS in Sequential Importance Resampling (SIR) methods, a.k.a., standard particle filters.
Then, we discuss as the Independent Multiple Try Metropolis (I-MTM) schemes and the Particle Metropolis-
Hastings (PMH) algorithm can be interpreted as a classical Metropolis-Hastings method taking into account the
GIS approach.

4.1 Application in particle filtering

In Section we have described the IS procedure in a batch way, i.e., generating directly a D-dimensional vector

x’ ~ ¢(x) and then compute the weight Z((:,,)) . This procedure can be performed sequentially if the target density
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Figure 3: Graphical overview of GIS in a parallel /distributed framework. (a) The central node obtains all the pairs
{Zm, W YM_,, and provides 7(x|X1.ar) or Iar. Note that only M particles, X,, € RP, and M scalar weights, W,,, € R, are
transmitted, instead of S samples and S weights, with S = 27]\:{:1 Np. (b) Alternatively, if we are interested only in a

specific moment of the target, we can transmit the pairs {INm, W }m 1 and then combine them as in Eq. (18).

"',_""".""%_"":l _____ j """" l _______ — l _________

Figure 4: The possible outputs of different GIS compression schemes. In the first case, {S; }2_;, no compression is applied.
In order to approximate of a specific moment of the target usmg the partial weighted estimators, {1y (m 3 W M_,, we can
perfectly reconstruct the estimator I's in Eq. (I6)) where S = Zm: Np,, but we cannot approximate other moments. Using
{~(m) Wm}m 1, we always obtain a lossy compression, but any moments of 7(x) can be approximated, as shown in Egs.



can be factorized. In this case, the method is known as Sequential Importance Sampling (SIS) and, jointly with
the use of resampling steps, is the basis of particle filtering. Below, we describe SIS.

4.1.1 Sequential Importance Sampling (SIS)

Let recall x = x1.p = [x1,22,...,2p] € X C RP*" where x4 € R” for all d = 1, ..., D and let us consider a target
pdf 7(x) factorized as

1 1 D

T(x)=—n(x) = 271($1)(£[27d($d|$1:d71)a (19)

where v1(x1) is a marginal pdf and ~4(z4|z1.4-1) are conditional pdfs. We can also consider a proposal pdf

decomposed in the same fashion, ¢(x) = q1(z1) HdD:2 ga(zglz4—1), In a batch IS scheme, given the n-th sample
X, = xg% ~ q(x), we assign the importance weight

1(x0) @) ye@d @) yp )2 )
o o o qD

4(xn) g (@) (2l ™M) - gp (2312 )

I
—
=

<

o
=

d=1
) (n)),(m)
where we have set ﬁgn) = W(L(ln)) and ﬁfln) = %. Let also denote the joint probablhty of [.’El, ce ,l‘d]
q(z;"’) qaley|oyg
_ d _ _
as Tq(T1.4) = Z%Wd(m;d) = Zid'yl(xl)Hj=2fyj(xj\x1:j_1), so that p(x1.p) = 7(x) and Zp = Z. Thus,
we can draw samples generating sequentially each component asg”) ~ qd(md|x§?d)71), d = 1,...,D, so that

X, = acgnj)j ~ q(x) = q1(z1) HdD:Q qa(xqlxg—1), and compute recursively the corresponding IS weight as in Eq.

. The SIS technique is also given in Table [2| setting n > 1.

Remark 2. In SIS, there are two possible formulations of the estimator of the marginal likelihoods Zg =
fRdn 7rd(l'l:d)dl'lzd;

~ 1 & 1 & n)

Za = ﬁ;wén) = Nn:lw((f_)l P (22)

o d N

Ze = [] [ wﬁ-")lﬁj(-")] : (23)
j=1 Ln=1

Both estimators are equivalent Z 4 = 2d in SIS. See Appendix@for further details.

4.1.2 Sequential Importance Resampling (SIR)

The expression in Eq. suggests a recursive procedure for generating the samples and computing the importance
weights, as shown in Table [2} Steps [2a] and 2b] the Sequential Importance Sampling (SIS), that after D iterations
is completely equivalent to the bath IS approach, since w, = w(x,) = wg) where x,, = z1.p. If resampling steps
are incorporated during the recursion as in step of Table [2| the method is called Sequential Importance

Resampling (SIR), a.k.a., standard particle filtering [11, 12]. In general, the resampling steps are applied only in
certain iterations in order to avoid the loss of particle diversity, taking into account an approximation ESS of the
Effective Sampling Size (ESS) [19, 26]. If ESS is smaller of pre-established threshold, the particles are resampled.

— — _ n)
Two examples of ESS approximation are ESS = W and ESS = maxléé") where 52”) = %ﬁé’ Note
that, in both cases,
0<ESS < N. (24)



Hence, the condition for the adaptive resampling can be expressed as ESS < nN where n € [0,1]. SIS is given
when n > 1 and SIR for n € [0,1). When n = 0, the resampling is applied at each iteration and in this case SIR is
often called bootstrap particle filter [111, 12, 13].

Partial resampling. In Table[2] we have considered that only a subset of R < N particles are resampled. In this
case, step including the GIS weighting is strictly required in order to provide final proper weighted samples
and hence consistent estimators. The partial resampling procedure is an alternative approach to prevent the loss of
particle diversity [25]. In the classical description of SIR [39], we have R = N (i.e., all the particles are resampled)
and the weight recursion follows setting the unnormalized weights of the resampled particles to any equal value.
Since all the N particles have been resampled, the choice of this value are not impact in the weight recursion and
in the estimation of I.

Marginal likelihood estimators. Even in the case R = N, i.e., all the particle are resampled as in the standard

SIR method, without using the GIS weighting only the formulation Z4 in Eq. provides a consistent estimator

of Z,4, since involved the normalized weights wl(i )1, instead of the unnormalized ones, wffi)l.

Remark 3. If the GIS weighting is applzed in SIR, both formulations Zd and Z g in Eqgs. . . provide consistent
estimator of Zy and they are equivalent, Zd = Zg4 (as in SIS). See an exhaustive discussion in Appendiz

Table 2: SIR with partial resampling

1. Choose N the number of particles, R < N the number of particles to be resampled, the initial particles
x(()n), n=1,...,N, an ESS approximation ESS [26] and a constant value n € [0, 1].
2. Ford=1,...,D:
(a) Propagation: Draw x&n)

(b) Weighting: Compute the weights

~ qd(md|x§2_1), forn=1,...,N.

w( = w8 Hﬁ n=1,...,N, (25)

n)
(n) _ ’Yd(ld “le 1
Where T <
5 Qd( (n)lx(”) )

1:d—1
(c) if ESS < NN then:

i. Select randomly a set of particles S = {SU(JT M where R < N, j. € {1,...,N} for all 7, and
Jr # Ji for r # k.
ii. Resampling: Resample R times within the set S according to the probabilities Bc(llr) =

Gr) . . ,
W, obtaining {:T:Eijr)},},%:l. Then, set xl(fr) = i&”), forr=1,...,R.

iii. GIS weighting: Compute Zs = R Z w(” and set w(”) 25 forallr=1,..., R.

3. Return {x, = a:ﬁ"};,wn = wg) et

GIS in Sequential Monte Carlo (SMC). The idea of summary sample and summary weight have been
implicitly used in different SMC schemes proposed in literature, for instance, for the communication among parallel



particle filters [3l, 33 [37], and in the island particle methods [42] 43| 44]. GIS also appears indirectly in particle
filtering for model selection [14] 32, [41] and in the so-called Nested Sequential Monte Carlo techniques [34] [35] [40].

4.2 Multiple Try Metropolis schemes as Standard Metropolis-Hastings method

The Metropolis-Hastings (MH) method is one of the most popular MCMC algorithm [22] 23] B38]. It generates a
Markov chain {x;}?2, where 7(x) is the invariant density. Considering a proposal pdf ¢(x) independent from the
previous state x;_1, the corresponding Independent MH (IMH) scheme is formed by the steps in Table

Table 3: The Independent Metropolis-Hastings (IMH) algorithm

1. Choose an initial state xq.
2. Fort=1,...,T:

(a) Draw a sample v/ ~ ¢(x).

(b) Accept the new state, x; = v’, with probability

where w(x) = =< (standard importance weight). Otherwise, set x; = x;_.

(%)
a(x)

3. Return {x;}7_;.

w(x¢—1)
the proposed sample v’ at the ¢-th iteration, and the importance weight of the previous state x;_;. Furthermore,
note that at each iteration only one new sample v’ is generated and compared with the previous state x;_; by the
acceptance probability a(x;—1,v’) (in order to obtain the next state x;). The Particle Metropolis-Hastings (PMH)
method [2] and the alternative version of the Independent Multiply Try Metropolis technique [28] (denoted as
I-MTM?2) are jointly described in Table They are two MCMC algorithms where at each iteration several

Observe that a(x¢—1,v’) = min [1, w(v') ] in Eq. involves the ratio between the importance weight of

candidates {vi,...,vy} are generated. After computing the IS weights w(v,), one candidate is selected v;
within the N possible values, i.e., j € {1,..., N}, applying a resampling step according to the probability mass
Dy, = =2l¥n) wj\(/‘;) ,n=1,...,N. Then the selected sample v; is tested with a proper probability a(x;_1,V;)

i, w(vi)
in Eq. .
The difference between PMH and I-MTM2 is the procedure employed for the generation of the N candidates
and for construction of the weights. PMH employs a sequential approach, whereas I-MTM2 uses a standard batch
approach [28]. Namely, PMH generates sequentially the components v, ;. of the candidates, v; = [v;1,...,v;p],
and compute recursively the weights as shown in Section Since resampling steps are often used the resulting
candidates vi,...,vy are correlated, whereas in -MTM2 they are independent. I-MTM2 coincides with PMH if
the candidates are generated sequentially but without applying resampling steps, so that -MTM2 can be considered
a special case of PMH. R
Note that w(v;) = Z' and w(x4—1) = Z;_1 are the GIS weights of the resampled particles v; and x;_1

3PMH is used for filtering and smoothing a variable of interest in state-space models (see, for instance, Figure . The Particle
Marginal MH (PMMH) algorithm [2] is an extension of PMH employed in order to infer both dynamic and static variables. PMMH is
described in App. E

10



Table 4: PMH and I-MTM2 techniques

1. Choose an initial state x¢ and 20.

2. Fort=1,...,T:

(a) Draw N particles vy, ..., vy from g(x) and weight them with the proper importance weight w(v,,),
n=1,..., N, using a sequential approach (PMH), or a batch approach (I-MTM2). Thus, denoting
7'= % Zﬁ;l w(vy,), we obtain the particle approximation 7 (x|vi.n) = ﬁ SN

ey W(VR)d(x—vy).
(b) Draw v; ~ T(x|vi.n).

(c) Set x; = v; and Z, = 7', with probability

Z\/
a(xt_l,vj):min 1,,\7 . (27)

Zi
Otherwise, set x; = x;_1 and Z = Z_l.

3. Return {x;}7_;.

respectively, as asserted in Definition [lf and Theorem Hence, considering the GIS theory, we can write

2/ (v
a(xy—1,vj) =min |1, =— | = min {1, w] , (28)
i1 U)(thl)

which has the form of the acceptance function of the classical IMH method in Table Therefore, PMH and
I-MTM2 algorithms can be also summarized as in Table

Remark 4. The PMH and I-MTM?2 algorithms take the form of the classical IMH method employing the equivalent

proposal pdf ¢(x) in Eq. (depicted in Figure @ see also App. , and using the GIS weight W(X') of a resampled
particle X' ~ q(x), within the acceptance function a(x;,X').

0.35¢

,

0.31

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, 0.25

[ ~
Vi. = = X~ (X 0.2
1:N X/ ~ 7T(X|V1;N) : Q( )

0.15¢

0.1;

0.05¢

Ho

Figure 5: (Left) Graphical representation of the generation of one sample x’ from the equivalent proposal pdf §(x) in Eq.
.(Right) Example of the equivalent density g(x) (solid line) with N = 2. The target, 7(x), and proposal, ¢(x), pdfs
are shown with dashed lines. See DEMO-3 at https://github.com/lukafree/GIS.git.

4Note that the number of candidates per iteration is constant (N), so that WVtV" = Nl\g(uiyi = ﬁl(ui:i)ﬂ .
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Table 5: Alternative description of PMH and I-MTM2

1. Choose an initial state xg.
2. Fort=1,...,T:
(a) Draw X' ~ q(x), where
N
ﬁxy_/NlIIﬂwﬂ%@thﬂwW, (29)
XY li=1
is the equivalent proposal pdf associated to a resampled particle [21] [25].
(b) Set x; = X/, with probability

~ (!
%) = min |1, 25D | 30
a(xi—1,X) mm{ ' F ) (30)
Otherwise, set x; = x;_1.

3. Return {x;}7_;.

5 Novel Techniques

In this section, we provide two examples of novel MCMC algorithms based on GIS. First of all, we introduce a
Metropolis-type method producing a chain of a set of weighted samples. Secondly, we present a PMH technique
driven by M parallel particle filters. In the first scheme, the concept of summary weight is employed and all the
weighted samples are stored. In the second one, both concepts of summary weight and summary particle are used.
The consistency of the resulting estimators and the ergodicity of both schemes are discussed and ensured.

5.1 Group Metropolis Sampling

Here, we describe an MCMC procedure that yields a sequence of sets of weighted samples. All the samples are then
employed for a joint particle approximation of the target distribution. The Group Metropolis Sampling (GMS)
is outlined in Table @ Figures @(a)—(b) give two graphical representations of GMS outputs (with N = 4 in both
cases). Note that the GMS algorithm uses the idea of summary weight for comparing sets. Given the generated
sets Sy = {Xn.t, pnath_q, for t =1,...,T, GMS provides the global particle approximation

T N
~ 1 n
T(xX[xin11) = T Z Z %5()( — Xn,t), (31)
=1 =1 Doim1 Pirt
| TN
= T;;pn (X — X ) (32)

Thus, the estimator of a specific moment of the target is

B 1IN ) 1 T -
Int = SN bnih(xns) = 7 S I, (33)

t=1 n=1 t=1

If the N candidates, vi,..., vy, and their weights, w1, ..., wy, are built sequentially by a particle filtering method,
we have a Particle GMS (PGMS) algorithm (see Section and marginal versions can be also considered (see

App. @
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Table 6: Group Metropolis Sampling

1. Build by IS an initial set So = {Xn,07pn,0}nN:1 and ZO = % Zﬁ;l Pn.0-

2. Fort=1,...,T:

(a) Draw N samples, vy,...,vy ~ ¢(x) following a sequential or a batch procedure.
(b) Weight them w,, = Z((:::)), n=1,...,N, define 8’ = {v,, w,}N_; and compute 7 = % 22;1 Wh,.

(c) Set St = {Xnt = Vi, pnt = wn 3N (le., S = &), and Zg = Z’, with probability

a(8;-1,8’) = min

Otherwise, set S; = S;_1 and Z = Z\t,l.

- - N
3. Return {S;}7_,, or {IZ(\?)}thl where I](\? =3 ﬁh(xmt).
n=1 2wi=1Pit

Relationship with IMH. The acceptance probability « in Eq. is the extension of the acceptance probability
of IMH in Eq. , considering the proper GIS weighting of a set of weighted samples. Note that, in this version
of GMS, all the sets are the same number of samples.

Relationship with MTM methods. GMS is strictly related to Multiple Try Metropolis (MTM) schemes
[7, 30}, 31} 28] and Particle Metropolis Hastings (PMH) techniques [2, 28]. The main difference between GMS and
these methods is that GMS does not use resampling steps at each iteration for generating summary samples, indeed
GMS uses the entire set. However, considering a sequential of a batch procedure for generating the N tries at
each iteration, we can recover a MTM (or PMH) chain by the GMS output applying one resampling step when
St # S,

N
~ Vi~ Z Pntd(x —Xpny), if S # S,

Xt =

(35)

n=1

Xt—1, if &= Stflv

for t =1,...,T. Namely, {X;}7_, is the chain obtained by one run of the MTM (or PMH) technique. Figure @(b)
provides a graphical representation of a MTM chain recovered by GMS outputs.

Ergodicity. As also discussed above, (a) the sample generation, (b) the acceptance probability function and
hence (c¢) the dynamics of GMS exactly coincide with the corresponding steps of PMH or MTM (with a sequential
or batch particle generation, respectively). Hence, the ergodicity of the chain is ensured [7], 311 2, 28]. Indeed, we
can recover the MTM (or PMH) chain as shown in Eq. (35).

Recycling samples. The GMS algorithm can be seen as a method of recycling auxiliary weighted samples in
MTM schemes (or PMH schemes, if the candidates are generated by SIR). In [8], the authors show how recycling
and including the samples rejected in one run of a standard MH method into a unique consistent estimator. GMS
can be considered an extension of this technique where N > 1 candidates are drawn at each iteration.

Iterated IS. GMS can be also interpreted as an iterative importance sampling scheme where an IS approximation
of N samples is built at each iteration and compared with the previous IS approximation. This procedure is iterated
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T times and all the accepted IS estimators I~J($) are finally combined for providing a unique global approximation
of NT samples. Note that, the temporal combination of the IS estimators is obtained dynamically by the random
repetitions due to the rejections in the MH test. Hence, the complete procedure for weighting the samples generated
by GMS can be interpreted as the composition of two weighting schemes: by an importance sampling approach
building {p, ¢}, and by the possible random repetitions due to the rejections in the MH test.

Consistency of the GMS estimator. Recovering the MTM chain {X;}7_; as in Eq. , the estimator
Iy = %Zle h(X;) is consistent, i.e., I converges almost-surely to I = Ex[h(x)] as T — oo, since {X;}L , is
an ergodic chain [38]. Note that Ez[h(X:)|S:] = 22;1 Pnth(xn ) = fj(é) for S; # Si—1, where T(X|x1.n¢) =
SN Pnib(x — Xp). IE S, = 8,1, then Ex[h(%,)|Si] = Ex[h(X,_1)[Si_1] = 14" and, since T{ = TV, we
have again Ez[h(X:)|S:] = 1:](\?) Therefore, we have

T

Ellr|S1r] = % > Ex[h(x0)ISi, (36)
=1

= 23V =T (37)

~~
I
-

Thus, the GSM estimator TNT in Eq. can be expressed as :fNT = E[TT‘SLT] (where S1.p are all the weighted

samples obtained by GMS), and it is consistent for 7' — oo since Iy is consistent. Furthermore, fixing T, Inr is
consistent for N — oo for standard IS arguments [23].

(a) (b)
Si—1 S; St41

S —o
|- —o
-
—o
-—-— > > [—o —> - - -
o -o
—o
o
—e

Figure 6: (a) Chain of sets of weighted samples S; = {Xn.,pn,¢}h—1 generated by the GMS method (graphical
representation with N = 4). (b) Graphical examples of GMS outputs, S;, Sit1, Sit2 and Siys, where Siy2 = Siq1.
The weights of the samples are denoted by the size of the circles. A possible recovered MTM chain is also depicted with
solid line, where the states are {X,} with 7 = ¢,t + 1,t + 2,¢t 4+ 3 and X¢12 = Xet1.

5.2 Distributed Particle Metropolis-Hastings algorithm

The PMH algorithm is an MCMC technique that is particularly designed for filtering and smoothing a dynamic
variable in a state-space model [2] 28] (see, for instance, Figure . In PMH, different trajectories obtained
by different runs of a particle filter (see Section are compared according to a suitable MH-type acceptance
probabilities as shown in Table |4l In this section, we show how several parallel particle filters (each one consider a
different proposal pdf, for instance) can drive a PMH-type technique.

The classical PMH method involves the use of a single factorized proposal pdf ¢(x) = ¢1(x1) HdD:2 qd(Xd|X1:4-1)
employed in single SIR method in order to generate new candidates before of the MH test. Let us consider the
problem of tracking a variable of interest x = [z1,...,2p]' € RP*" and the target pdf 7 can be factorized as
w(x) = 771(951)]_[5:2 ma(Xa|X1.4—1). Let assume that M independent processors/machines are available jointly
with a central node as shown Fig. [l We use M parallel particle filters each one witha different proposal pdfs
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Gm (X) = Gm,1(x1) H§:2 ¢m,d(Xq|X1:0—1), one per each processor. Then, after one run of the parallel particle filters,
we obtain M particle approximations 7,,(x). Since, we desire to reduce the communication cost to the central
node (see Figs. and , we consider that each machine only transmits the pair {Zm, Xpm }, Where Zp, ~ 7 (x) (we
set Ny = ... = Ny, for simplicity). Applying the GIS theory, then it is straightforward to outline the method,
called Distributed Particle Metropolis-Hastings (DPMH) technique, shown in Table

Table 7: Distributed Particle Metropolis-Hastings algorithm

1. Choose an initial state x¢ and 2m70 form=1,..., M.

2. Fort=1,...,T:

(a) (Parallel Processors) Draw N particles Vi, 1,..., Vi n from ¢, (x) and weight them with the
proper importance weight w(vy,»), n = 1,..., N, using a particle filter (or a batch approach),
for each m = 1,...,M. Thus, denoting Z,, = %22;1 W(Vi,n), we obtain the M particle
approximations 7, (x) = T(X|Vm,1.8) = N% 25:1 W(Vin,n)0(X — Vinn)-

(b) (Parallel Processors) Draw X, ~ 7(x|vy, 1.5), for m=1,..., M.

(¢) (Central Node) Resample x € {X1,...,Xp } according to the pmf ﬁ, m=1,..., M, ie.,

m=14m
X~ T(X[X1y ooy X0
(d) (Central Node) Set x; = X and Z,, + = Zy, (for all m), with probability
IV
~ —1Zm
a(x;—1,X) = min |1, XM:’”%IA (38)
m=1 Zm,t—l

Otherwise, set x; = x;_1 and /Z\m,t = 2m7t_1 (for all m).

The method in Tablehas the structure of a Multiple Try Metropolis (MTM) algorithm using different proposal
pdfs [7, BI]. More generally, in step the scheme described above can even employ different kind of particle
filtering algorithms. In step 2b] M resampling steps are performed one in each processors. Then, one resampling
step is performed in the central node (step . The resampled particle is then accepted as new state with probability

«a in Eq. .

Ergodicity. The ergodicity of DPMH is ensured, since it can be interpreted as a standard PMH method
considering a single particle approximatio

M
=~ %(X|Vm,1:N Z W % X|Vm 1: N) (39)

and then resamphng once, i.e., draw X ~ 7(x|vi.m,1:n). Then, the proper weight of this resampled particle

is Z = 27]\321 Zm, so that the acceptance function of the equivalent classical PMH method is a(x;—1,X) =

~ M a -~ o~
min [1, ZL} = min [1, %7":712], where Z;_1 = Zf‘f:l Zm.t—1 (see Table.

m=1 Zm,tfl

Using partial IS estimators. if we are interested in approximating only one moment of the target pdf, as

shown in Figures at each iteration we can transmit the M partial estimators TS\T) and combine them in the

5This particle approximation can be interpreted as obtained by a single particle filter splitting the particles in M disjoint sets and
then applying the partial resampling described in Section i.e., performing resampling steps within the sets. See also Eq. (62)).
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—(m)

central node as in Eq. ., obtaining INM Zm 1 ZNA, Iy .

according to the acceptance probability a in Eq. (| . Fmally, we obtain the global estimator

Then, a sequence of estimators, 1:1(\2”, is created

T
~ 1 -
Inur = & ; Fiom (40)
This scheme is depicted in Figure [7[(b).

Benefits. One advantage of the DPMH scheme is that the generation of samples can be parallelized (i.e., fixing
the computational cost, DPMH allows the use of M processors in parallel) and the communication to the central
node requires the transfer of only M particles, X}, and M weights, Z;n, instead of N M particles and N M weights.
Figure [7] provides a general sketch of DPMH. Its marginal version is described in Appendix [D| Another benefit of
DPMH is that different types of particle filters can be jointly employed, for instance, different proposal pdfs can
be used.

Special cases and extensions. The classical PMH method is contained as a special case of the algorithm in
Table [7| when M = 1. If the partial estimators are transmitted to the central node, as shown in Figure (b)

then DPMH coincides with PGMS when M = 1. Adaptive versions of DPMH can be designed in order select
automatically the best proposal pdf among the M employed densities, based of the weights W,, = ZM Z ,
m =1,..., M. For instance, Figure b) shows that DPMH is able to detect the best scale parameters within the
M used values.

(a) (b)
PF-1 PF-2 ce. o PE-M PF-1 PF-2 ce . o PE-M|
JURPN JURPN SO o —2) 5 —(M) 5
{%1. 21} {%2. 2} G Zuy TN 70) 1%, 2:) (18" Z2n)
Pt ioreeey T 2
: X~ T(X|X1m) i INM*ZZM =N
______________ Vo ___m=l4g=1" )
Central Node| ,__________ l ___________ | Central Node| , .o _______ . |
. Moz T | ) 3 . et Zm_ ||
A e (e
[ | o,

Figure 7: Graphical representation of Distributed Particle Metropolis-Hastings (DPMH) method, (a) for estimating a
generic moment, or (b) for estimating of a specific moment of the target.

6 Numerical Experiments

In this section, we test the novel techniques considering several experimental scenarios and three different
applications: hyperparameters estimation for Gaussian Processes (D = 2, n = 1), a localization problem jointly
with the tuning of the sensor network (D = 8, n = 1), and the online filtering of a remote sensing variable called
Leaf Area Index (LAI; D = 365, , n = 1). We compare the novel algorithms with different benchmark methods.
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6.1 Hyperparameters tuning for Gaussian Process (GP) regression models

We test the proposed GMS approach for the estimation of hyperparameters of a Gaussian process (GP) regression
model [4], [36]. Let us assume observed data pairs {y;,z;}I_,, with y; € R and z; € R*. We also denote the
corresponding P x 1 output vector as y = [y1,...,yp]' and the L x P input matrix as Z = [zi,...,zp]. We
address the regression problem of inferring the unknown function f which links the variable y and z. Thus,
the assumed model is y = f(z) + e, where e ~ N(e;0,0%), and that f(z) is a realization of a GP [36]. Hence

f(z) ~ GP(u(z), k(z, 1)) where p(z) = 0, z,r € RE, and we consider the kernel function

(20 —10)?
25) , (1)

Given these assumptions, the vector f = [f(z1),..., f(zp)]' is distributed as p(f|Z,d,x) = N(f;0,K), where O
is a P x 1 null vector, and K;; := k(zi,z;), for all ¢,j = 1,..., P, is a P x P matrix. Therefore, the vector
containing all the hyper-parameters of the model is x = [§, 0], i.e., all the parameters of the kernel function
in Eq. (41) and standard deviation o of the observation noise. In this experiment, we focus on the marginal
posterior density of the hyperparameters [36], 7(x|y, Z, k) x 7(x|y, Z, k) = p(y|x, Z, k)p(x), which can be evaluated
analytically, but we cannot compute integrals involving it. Considering a uniform prior within [0,20]%, p(x) and
since p(y|x, Z, k) = N(y; 0, K + 02I), we have

k(z,r) = exp (

L
=

1

1 1
log [7(x|y,Z, k)] = fin(K + 01 ly — 5 log [det (K + 021)] ,

where clearly K depends on § [36]. The moments of this marginal posterior cannot be computed analytically. Then,
in order to compute the Minimum Mean Square Error (MMSE) estimator X = [g, ], i.e., the expected value E[X]
with X ~ 7(x|y, Z, k), we approximate E[X] via Monte Carlo quadrature. More specifically, we apply a the novel
GMS technique and compare with an MTM sampler, a MH scheme with a longer chain and a static IS method.
For all these methodologies, we consider the same number of target evaluations, denoted as E, in order to provide
a fair comparison.

We generated P = 200 pairs of data, {yj,zj}le, according to the GP model above setting 0* = 3, o* = 10,
L =1, and drawing z; ~ U([0,10]). The posterior pdf is given in Figure @(b) We then computed the ground-
truth X = [3 ~ 3.5200,5 = 9.2811] using an exhaustive and costly grid approximation, in order to compare the
different techniques. For both GMS, MTM and MH schemes, we consider the same adaptive Gaussian proposal
pdf g (x|pe, A2T) = N (x|ps, A2T), with A = 5 and p; is adapted considering the arithmetic mean of the outputs
after a training period, ¢+ > 0.27, in the same fashion of [24] 18] (uo = [1,1]7). First, we test both techniques
fixing T = 20 and varying the number of tries N. Then, we set N = 100 and vary the number of iterations
T. Figure |8 (log-log plot) shows the Mean Square Error (MSE) in the approximation of X averaged over 10°
independent runs. Observe that always GMS outperforms the corresponding MTM scheme. These results confirm
the advantage of recycling the auxiliary samples drawn at each iteration during an MTM run. In Figure @(a), we
show the MSE obtained by GMS keeping invariant the number of target evaluations £ = NT = 10% and varying
N € {1,2,10,20, 50,100, 250,10%}. As a consequence, we have T € {103,500, 100,50, 20, 10,4,1}. Note that the
case N = 1, T = 103, corresponds to an adaptive MH (A-MH) method with a longer chain, whereas the case
N =103, T = 1, corresponds to a static IS scheme (both with the same posterior evaluations E = NT = 103). We
observe the GMS always provides smaller MSE than the static IS approach. Moreover, GMS outperforms A-MH
with the exception of two cases where T' € {1,4}.

6.2 Localization of a target and tuning of the sensor network

We consider the problem of positioning a target in R? using range measurements in a wireless sensor network
[1, 20]. We also assume that the measurements are contaminated by noise with different unknown power, one per
each sensor. This situation is common in several practical scenario. Indeed, even if the sensors have the same
construction features, the noise perturbation of each the sensor can vary with the time and depending on the
location of the sensor. This occurs owing to different causes: manufacturing defects, obstacles in the reception,
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Figure 8: MSE (loglog-scale; averaged over 10% independent runs) obtained with the MTM and GMS algorithms (a) as
function of N fixing T'= 20 and (b) as function of T setting N = 100.
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Figure 9: (a) MSE (loglog-scale; averaged over 10® independent runs) of GMS (circles) versus the number of candidates
N e {1,2,10,20,50,100,250,10%}, but keeping fixed the total number of posterior evaluations E = NT = 1000, so that
T € {1000, 500, 100, 50,20, 10,4,1}. The MSE values the extreme cases N = 1, 7' = 1000, and N = 1000, T" = 1, are
depicted with dashed lines. In first case, GMS coincides with an adaptive MH scheme (due the adaptation of the proposal,
in this example) with a longer chain. The second one represents a static IS scheme (clearly, using the sample proposal than
GMS). We can observe the benefit of the dynamic combination of IS estimators obtained by GMS. (b) Posterior density
m(x|y,Z, k).
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different physical environmental conditions (such as humidity and temperature) etc. Moreover, in general, these
conditions change along the time, hence it is necessary that the central node of the network is able to re-estimate
the noise powers jointly with position of the target (and other parameters of the models if required) whenever a
block of observations is processed.

More specifically, let denote the target position with the random vector Z = [Z;, Z5]". The position of the
target is then a specific realization Z = z. The range measurements are obtained from Ng = 6 sensors located at
h; = [3,-8]T, hy = [8,10]", hy = [-4,—6]", hy = [-8,1]", hy = [10,0]" and hg = [0,10]" as shown in Figure
a). The observation models are given by

Y; =20log(||z — h,||)+ B;, j=1,...,Ng, (42)

where B; are independent Gaussian random variables with pdfs, N (bj;O,)\?), 7 = 1,...,Ngs. We denote
X = [A1,..., AN the vector of standard deviations. Given the position of the target z* = [z} = 2.5,25 = 2.5]"
and setting A* = [A] = 1,A5 = 2,05 = 1, = 0.5,A = 3,A\§ = 0.2] (since Ng = 6), we generate No = 20
observations from each sensor according to the model in Eq. . Then, we finally obtain a measurement matrix
Y = [Yr1,- - Ykns] € RY ) where dy = NoNg = 120, k = 1,..., No. We consider uniform prior U(R.) over the
position [z1,22] T with R, = [~30 x 30]%, and a uniform prior over A; U([0,25]), so that A has prior U(R) with
R = [0,20]"s. Thus, the posterior pdf is

2 Ng
7(x[Y) =7z A]Y) = Lylz1, 22, M0 ne) [ [ p(z0) [T p) (43)
i=1 j=1

No Ns 1 1
= (II11 exp (—W@k,j+101og<||z—hj||>2> L(RJL(Ry)  (44)

k11 4/ 277

where x = [z, A]" is the d,, = Ng + 2 = 8 dimensional vector of parameters that we desire to infer, and I.(R) is an
indicator variable that is 1 if ¢ € R, otherwise is 0.

Our goal is to compute the Minimum Mean Square Error (MMSE) estimator, i.e., the expected value of the
posterior 7(x|Y) = 7(z,A|Y). Since the MMSE estimator cannot be computed analytically, we apply Monte
Carlo methods for approximating it. We compare GMS, the corresponding MTM scheme, the Adaptive Multiple
Importance Sampling (AMIS) technique [9], and N parallel MH chains with a random walk proposal pdf. For
all of them we consider Gaussian proposal densities. For GMS and MTM, we set q;(x|ttn.¢,021) = N (x|ps, 0%1)
where is adapted considering the empirical mean of the generated samples after a training period, ¢ > 0.27" [24] 18],
to ~ U([1,5]%) and ¢ = 1. For AMIS, we haveq, (x|, C¢) = N (x|ps, Ct), where p; is as previously described
(with po ~ U([1,5]%)) and C; is also adapted using the empirical covariance matrix, starting Co = 4I. We also
test the use of N parallel Metropolis-Hastings (MH) chains (we also consider the case of N = 1, i.e., a single chain),
with a Gaussian random-walk proposal pdf, ¢, (ten t|ftnt—1,02L) = N (fn t|pn,t—1,0%I) with pn, o ~ U([1,5]¢) for
alln and 0 = 1.

We fix the total number of evaluations of the posterior density as E = NT = 10*. Note that, generally, the
evaluation of the posterior is the most costly step in MC algorithms (however, AMIS has the additional cost of
re-weighting all the samples at each iteration according to deterministic mixture procedure [6] [0, [I5]). We recall
that T denotes the total number of iterations and N the number of samples drawn from each proposal at each
iteration. We consider x* = [z*,A*]T as the groundtruth and compute the Mean Square Error (MSE) in the
estimation obtained with the different algorithms. The results are averaged over 500 independent runs and they
are provided in Tables @ and [10| and Figure b). Note that GMS outperforms AMIS for each a pair {N, T}
(keeping fixed E = NT = 10%), and GMS also provides smaller MSE values than N parallel MH chains (the case
N =1 corresponds to a unique longer chain). Figure [L0[b) shows the MSE versus N maintaining E = NT = 10*
for GMS and the corresponding MTM method. This figure again confirms the advantage of recycling the samples
in a MTM scheme.
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Table 8: Results GMS.

| MSE [ 130 [124]1.22[121]1.22[1.19 | 1.31 [ 1.44 |
N 10 [ 20 [ 50 [ 100 [ 200 [ 500 | 1000 | 2000
T 1000 | 500 | 200 | 100 | 50 | 20 | 10 5
E NT = 10*
MSE range Min MSE= 1.19 — Max MSE= 1.44

Table 9: Results AMIS [9].

MSE 1.58 | 1.57 | 1.53 | 1.48 | 1.42 | 1.29 | 148 | 1.71
N 10 20 50 100 | 200 | 500 | 1000 | 2000
T 1000 | 500 | 200 | 100 | 50 20 10 5
E NT = 10%
MSE range Min MSE= 1.29 — Max MSE= 1.71

Table 10: Results N parallel MH chains with random-walk proposal pdf.

] MSE \ 1.42 \ 1.31 \ 1.44 \ 2.32 \ 2.73 \ 3.21 \ 3.18 \ 3.15 ‘
N 1 5 10 50 | 100 | 500 | 1000 | 2000
T 10* | 2000 | 1000 | 200 | 100 20 10 5
E NT = 10*
MSE range Min MSE= 1.31 —— Max MSE=3.21

6.3 Filtering and Smoothing of the Leaf Area Index (LAT)

We consider the problem of estimating the Leaf Area Index (LAI) denoted as z4 € R™ (where d € NT also represents
a temporal index) in a specific region at a latitude of 42° N [I7]. Since z; > 0, we consider Gamma prior pdfs over
the evolutions of LAI and Gaussian perturbations for the “in-situ” received measurements, ;. More specifically,
we following assume the state-space model (formed by propagation and measurement equations),

Cd

(45)
La(yalza) = N(yd|xd7 >\2) = \/Q;ﬁ C€Xp (—ﬁ(yd - xd)Q) )

{ o) = (sl =58) = el ep (),

for d = 2,..., D, with initial probability g;(z1) = G(x1|1,1), where b, A > 0 and ¢4 > 0 is a normalizing constant.
Note that the expected value of the Gamma pdf above is z4_1 and the variance is b.

First Experiment. Considering known the parameters of the model, the posterior pdf is

T(xly) o Lylx)g(x), (46)
D D
x lH fd(yd|$d)1 KH gd($d|wd1)> 91(961)] ; (47)
d=2 d=2
with x = z1.p € RP. For generating the ground-truth (i.e., the trajectory x* = z%., = [2},...,2%]), we simulate

the temporal evolution of LAI in one year (i.e., 1 < d < D = 365) by using a double logistic function (as suggested
in the literature [17]), i.e.,

1 1
Ta =@t az (1 + exp(az(d — a4)) g exp(as(d — ag)) " 1) ’ e
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Figure 10: (a) Sensor network: the location of the sensors (antennas) and the target (circle) in the numerical example. The
solid line represents the different unknown variances of the sensors. (b) MSE (log-scale) versus the number of candidates
N € {50,200, 500, 1000, 2000} obtained by GMS and the corresponding MTM algorithm, keeping fixed the total number of
evaluations E = NT = 10* of the posterior pdf, so that T € {200, 50, 20, 10, 5}.

with a; = 0.1, as = 5, a3 = —0.29, ay = 120, a5 = 0.1 and ag = 240 as employed in [I7]. In Figure the
true trajectory xi1.p is depicted with dashed lines. The observations y = yo.p are then generated (each run)
according to yq ~ La(yd|lza) = \/ﬁ exp (—ﬁ(@/d — xd)z). First of all, we test the standard PMH, the particle
version of GMS (PGMS), and DPMH (fixing A = 0.1). For DPMH, we use M = 4 parallel filters with different
scale parameters b = [b; = 0.01,b = 0.05,b3 = 0.1,by = 1]7. Figure shows the estimated trajectories
Xt = T1py = %Z:Zl X, (averaged over 2000 runs) obtained by DPMH with N = 5 at ¢ € {2,10, 100}, in one
specific run. Figure (a) depicts the evolution of the MSE obtained by DPMH as function of T' and considering
different values of N € {5,7,10,20}. The performance of DPMH improves as T and N grow, as expected. DPMH
detects the best parameters among the four values in b, following the weights W, (see Figure b)) and DPMH
takes advantage of this ability. Indeed, we compare DPMH with N = 10, T = 200, and M = 4 using b, with
M = 4 different standard PMH and PGMS algorithms with N = 40 and T" = 200 (clearly, each one driven by a
unique filter, M = 1) in order to keep fixed the total number of evaluation of the posterior E = NMT = 8 - 103,
each one using a parameter b,,, m = 1,..., M. The results, averaged over 2000 runs, are shown in Table In
terms of MSE, DMPMH always outperforms the 4 possible standard PMH methods. PGMS using two parameters,
by and bs, provides better performance, but DPMH outperforms PGMS averaging the 4 different MSEs obtained
by PGMS. Moreover, due to the parallelization, in this case DPMH can save ~ 15% of the spent computational
time.

Second Experiment. Now we consider also the parameter A unknown, so that the complete variable of interest
[x,A] € RP*1. Then the posterior is 7(x,Aly) o £(y|x,\)g(x,\) according to the model Eq. (45), where
g(x,A) = g(x)gr(A) and gx(A) is a uniform pdf in [0.01,5]. Then we test the marginal versions of the PMH and
DPMH with gx(A) = ga(A) (see App. [D)), for estimating [x*, \*] where x* = 27, is given by Eq. and \* = 0.7.
Figure shows the MSE in estimation of A* (averaged over 1000 runs) obtained by DPMMH as function of T and
different number of candidates, N € {5,10, 20} (with again M =4 and b = [b; = 0.01,by = 0.05,b3 = 0.1,by = 1] 7).
Table compares the standard PMMH and DPMMH for estimating \* (we set E = NMT = 4-10% and T = 100).
Averaging the results of PMMH, we can observe that DPMMH outperforms the standard PMMH in terms of smaller
MSE and smaller computational time.
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Figure 11: Output of DPMH (with N = 5, A = 0.1 and b = [0.01,0.05,0.1,1] ") at different iterations (a) t = 2, (b)
t = 10, and (c¢) ¢ = 100, in one specific run. The true values, x* = z7.p, are shown dashed lines whereas the estimated
trajectories by DPMH, X; = Z1.p,+, with solid lines.
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Figure 12: (a) MSE in estimation of the trajectory (averaged over 2000 runs) obtained by DPMH as function 7' and

different values of N € {5,7,10,20}. As expected, we can see that the performance of DPMH improves as T and N grow.

(b) Averaged values of the normalized weights W, = > Zm 5~ (with N =5 and N = 10) associated to each filter. DPMH
j=1%3j

is able to detect the best variances (b2 and bs) of the proposal pdfs among the values by = 0.01, b2 = 0.05, b3 = 0.1 and

by =1 (as confirmed by Table .
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Figure 13: MSE in estimation of A* = 0.7 (averaged over 1000 runs) obtained by DPMMH as function 7" and different

values of N € {5,10,20}.

Table 11: Comparison among PMH, PGMS and DPMH with E = NMT = 8-10% and T = 200 (A = 0.1), estimating the

trajectory x* = z7.p.

Standard PMH | PGMS | DPMH
Proposal Var N =40 N =40 N =10
P (M =1) (M=1)| M=4
MSE MSE MSE
by = 0.01 0.0422 0.0380
by = 0.05 0.0130 0.0100
b3 =0.1 0.0133 0.0102 0.0108
by =1 0.0178 0.0140
Average 0.0216 0.0181 0.0108
Norm. Time 1 1 0.83

Table 12: Comparison among PMMH and DMPMH with E = NMT = 4-10% and T = 100, for estimating \* = 0.7.

PMMH | DPMMH
N =40 N =10
Proposal Var (M =1) M—4
MSE MSE
b1 =0.01 0.0929
bs = 0.05 0.0186
bs =0.1 0.0401 0-0234
by=1 0.0223
Average 0.0435 0.0234
Norm. Time 1 0.85
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7 Conclusions

In this work, we have described the Group Importance Sampling (GIS) theory and its application in other Monte
Carlo schemes. We have considered the use of GIS in SIR (a.k.a., particle filtering), showing that GIS is strictly
required if the resampling procedure is applied only in a subset of the current population of particles. Moreover
we have highlighted that, in the standard SIR method, if GIS is applied there exists two equivalent estimators
of the marginal likelihood (one of them is an estimator of the marginal likelihood only if the GIS weighting is
used), exactly as in Sequential Importance Sampling (SIS). We have also shown that the Independent Multiple
Try Metropolis (I-MTM) schemes and the Particle Metropolis-Hastings (PMH) algorithm can be interpreted as a
classical Metropolis-Hastings (MH) method taking into account the GIS approach.

Furthermore, two novel methodologies based on GIS have been introduced. One of them (GMS) yields a Markov
chain of weighted samples and can be also considered an iterative importance sampler. The second one (DPMH)
is a distributed version of the PMH where different parallel particle filters can be jointly employed. These filter
cooperate for driving the PMH scheme. Both techniques have been applied successfully in three different numerical
experiments (the hyperparameter tuning for GPs, a localization problem in a sensor network and the tracking of
the Leaf Area Index), comparing them with several benchmark methods. Marginal versions of GMS and DPMH
have been also discussed and tested in the numerical applications. Three Matlab demos have been also given in
order to facilitate the comprehension of the reader and, at the same time, and providing a further confirmation of
the discussed results. As a future line, we plan to design an adaptive DPMH scheme in order to select online the
best particle filters among the M run in parallel, and parsimoniously distribute the computational effort.
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A Proper weighting of a resampled particle

Let us consider the particle approximation of 7 obtained by the IS approach drawing N particles x,, ~ ¢(x),

N 1 N
F(xxin) = D w(xn)d(x = X,) = 3 > w(xn)d(x = xp). (49)

n=1 n=1

Given the cloud of particle xi.ny ~ Hf:’:l q(x,,), we have that X' ~ 7(x|x1.5). Let us denote the joint pdf

Q(x,x1.n8) = T(X|X1:N) [Hf\rzl q(xi)]. The marginal pdf g(x) of a resampled particle X', integrating out x1.5 (i.e.,
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q(x) = / Q(x, x1:n ) X1y (50)
XN
N
= T(x|x1. q(x;) | dx1.n, 51
/XN<|1N>L1_II<>] o G1)
N w(x) N
= — |a(x) | | a(xi) | dx-; |,
; /sz—l NZ 1:[1 !
i#£]
N L |x
= u(x — q(x;) | dx=; |,
003 Jow w7 | Tt | s
1#]
= m(x X;) | dx—;, e {1,. 52
3 le’ ] b JE{l N 62)
i#]
Therefore, the standard IS weight of a resampled particle, X’ ~ g(x), is
o _ T(X)
w(X') = ===. 53
%) = 2] (53)

However, generally ¢(x) cannot be evaluated, hence the standard IS weight cannot be computed [21], 25| [34], [27]
App. C1]. An alternative is to use the Liu’s definition of proper weighting in Eq. @D and look for a weight function
p(X) = p(X|x1.5) such that

B sy [PX[X1N)R(x)] = cE7 [h(x)], (54)

where Q(x,x1.x) = 7 (x|x1.n) [Hfil q(xi)}. Below, we show that a suitable choice is
N
p(R[x1:n) = Z(x1.8) Z (55)

since it holds in Eq. .
Proof. Note that

E& e xn [PX[X1:8) B (%)] p(x[x1:3) (%) Q(x, X1, )dxdx1. v,
Q(x,x1:N) .

/ o h(x)p(x[x1.8)7(x|x1: N lHq X; ] dxdxy.n- (56)

i=1

Recalling that T(x|x1.5) = ﬁ ;\/:1 w(x;)0(x — x;), where Z = Z(XLN) =+ Zi\lew(xn) and w(x,) = T(xn)

we can rearrange the expectation above as

Eé(x,xl:N) [p(X|X1:N)h(X)]

[
T
=
W)
[M]=
—
=
)
Ry
2
=3
iRed
=
X
—=
=X
x
QL
W
d
QL
”

Il
_—
=
e
p=i
e

[M]=
—
>
N
ke
2
S
Nl T
—=
2
Kol
o8
=
d
IS8
E
o
-



where X—; = [X1,...,Xj—1,X+1,...,Xn]|. If we choose p(x|x1.n) = Z and replace it in the expression above, we
obtain

N N
= 1
E~ x|x1.8)h(x)] = /hxn’x / Z—= q(x;) | dx—; dx,
bt = f 1m60 |3\ [ 2 Tat | sy
i#]
| neomGoN
= x)7(x)N —dx
x N
= / h(x)m(x)dx
x
= cEz[h(x)], (58)
where ¢ = Z, that is the normalizing constant of w(x). Note that Eq. coincides with . a
B Particle approximation by GIS
Let us consider S samples Xy, ~ @m(x), where S = Zn]\le Ny, and weight them wy,, = %’"")) with
m=1,...,M and n = 1,...,N,,. Moreover, let us define two types of normalized weights, one within the
m-~th group
w?n n w?n n
Winyp = : = =, (59)
Zgzl W, k N77LZT)'L
and the other one considering all the S samples,
T_m,n = S ’ (60)

M N; - M >
Zj:l Zk;1 Wy k Ej:l N;Z;
The complete particle approximation of the target distribution is

1 M Ny
;T\(X|x1:M,1:N> = 75 -~ Z Z wm,n(s(x - Xm,n)a

M —N;
Zj:l Dokt Wik me1n=1

M N,

= YD Trnmd(x = X n). (61)
m=1n=1
Note that it can be also rewritten as
1 M N
%(X‘Xl:lw,l:N) = =M = Z NyZm Z wm,n(S(X - Xm,n)7
2= NiZi w2 =1
1 Y
= == N ZnF(X[xm1v), (62)
Zj:l Nj J m=1
M
= Z W (X[Xm,1:v), (63)
m=1
where T(X|Xy, 1.n) are the m-th particle approximation and W = % is the normalized weight of the
j=11Vi4;j

m-th group. If we resample M times X,, ~ 7T(X|X;,,1.n) exactly one sample per group, we obtain the particle
approximation of Eq. , ie.,

AxXin) = Y Wnb(x —Xn). (64)



Since 7(x|x1.am,1:n) Is a particle approximation of the target distribution 7 (converging to the distribution for
N — 0), then 7(x|X1.p) is also a particle approximation of @ (converging for N — oo and M — 00). Therefore,
any estimator of the moments of 7 obtained using the summary weighted particles as in Eq. is consistent.

C Estimators of the marginal likelihood in SIS and SIR

The classical IS estimator of the normalizing constant Z; = fRan ma(x1.4)dx1.q at the d-th iteration is

)L ()
w = 5 S8y, (65)
n n=1

1 Y N
N; Hﬁ i (66)

Zd =

Mz

L
N

1

An alternative formulation, denoted as Z, is often used

7j=1 Ln=1
d N (n) d 5
W = Z; 5

= leﬁ‘l | = Al |z =% (63)
> w o | Zj—1
j=1 n=1"j—-1 j=2 J

w(™

where we have employed w( ) = ﬁ and wj( ™ = (") 6(") [12, [13]. Therefore, given Eq. . in SIS these

i=1 W
two estimators Zd in Eq. arid Z4 in Eq. are equivalent approximations of the d-th marginal likelthood
Zq [32]. Furthermore, note that Z; can be written in a recursive form as

N
Zwé"l ¢ 1 (69)

Za=Za

C.1 Estimators of the marginal likelihood in particle filtering

Sequential Importance Resampling (SIR) (a.k.a., standard particle filtering) combines the SIS approach with the
application of the resampling procedure corresponding to step of Table[2| If the GIS weighting is not applied,
the unique consistent estimator of Z; in SIR is

d N
Zi=]] [ w;.”%@")] :
n=1

In this case, Zy = ~ Z 4 wc(l ™) is not a possible alternative without using GIS. However, considering the proper

GIS weighting of the resampled particles (the step of Table , then Zi is also a consistent estimator of
Z4 and it is equivalent to Z4. Below, we analyze three cases considering a resampling applied to the entire set of
particles:

e No Resampling (1 > 1): this scenario corresponds to SIS where Z\d, Z4 are equivalent as shown in Eq.
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e Resampling at each iteration (n = 0): using the GIS weighting, w((ﬁ)l = Zi_l for all n and for all d, and
replacing in Eq. we have

Zqg = Zg

1o o)
v

(71)

I
2=
—=
- 1
1 [M]=
=
z
—_

Since the resampling is applied to the entire set of particles, we have ﬁ)((;i)l = % for all n. Replacing it in the

expression of Z4 in 7 we obtain
d [ N
— 1 n
zo- 3 1|24, 72
j=1 Ln=1

that coincides with Zi in Eq. .

e Adaptive resampling (0 < i < 1): for the sake of simplicity, let start considering a unique resampling
step applied at the k-th iteation with k& < d._We check if both estimators are equal at d-th iteration of the
recursion. Due to Eq. , we have Zj = Zkﬂ since before the k-th iteration no resampling has been applied.

With the proper weighting w,(cn) = 7, for all n, at the next iteration we have

1 N
w2
n=1

N
5 1 Mg _ 7
Zpt1 = N ;wk Brs1 = Zk
and using Eq. , we obtain

— ~ &1 1 &
Zitr = Zi ZN51§?1 = Zk N251(CT1 ;
n=1 n=1

so that the estimators are equivalent also at the (k+ 1)-th iteration, Zy,1 = Zk+1- Since we are assuming no
resampling steps after the k-th iteration and until the d-th iteration, we have that Z; = Z fori=k+2,....d
due to we are in a SIS scenario for i > k (see Eq. (68)). This reasoning can be easily extended for different
number of resampling steps.

Figure [14] summarizes the expressions of the estimators in the extreme cases of n = 0 and n > 1. Note that the
operations of sum and product are inverted. See DEMO-1 at https://github.com/lukafree/GIS.gitl

D Particle Marginal Metropolis-Hastings (PMMH) algorithms

Let us consider x = z1.p = [z1,%2,...,7p] € X C RP*" where 4 € R” for all d = 1,..., D and an additional
model parameter € R% to be inferred as well. Assuming a prior pdf gy(8) over 6, and a factorized complete
posterior pdf 7(x, 0)

Te(x,0) x m.(x,0) = go(0)7(x]0), (73)
where
D
7(x/8) = 71(2110) [ [ razalra 1.0).
d=2

SWe consider to compute the estimators before the resampling.
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Figure 14: Expressions of the marginal likelihood estimators Z4 and Zd in two extreme scenarios: without resampling and
applying resampling at each iterations. Note that in the formulations above the operations of sum and product are inverted.

Moreover, let us the denote as 7(x|vi.y,0) = N?l(ef) 25:1 w(v,|0")d(x — v,) a particle approximation of 7(x|6)
obtained by one run of a particle filter approach. The Marginal PMH (PMMH) technique is then summarized in
Table PMMH is often used for both smoothing and parameter estimation in state-space models. Note that if

q9(0|60:—1) = go(0) then the acceptance function becomes

Z(0'
a = min l,A(i) . (74)
Z(6:-1)
Table 13: Particle Marginal MH (PMMH) algorithm

1. Choose an initial state x¢ and 2m70 form=1,..., M.
2. Fort=1,...,T:

(a) Choose an initial state xo, 8y, Z(6p).

(b) Fort=1,...,T:

i. Draw 0’ ~ q¢(0|6;—1) and v; ~ 7(x|vi.N,0') = —= Z:Ll w(vy|0)0(x — vy,) (where T is

NZ(0)
obtained with one run of a particle filter).
ii. Set 8, = 0’, x; = v;, with probability

Z(p! ’ ’
o =min |1, AZ(O )g0 (0 >q0(0t71|0 ) . (75)

Z(0:-1)96(0+—1)q0(0]60+—1)

Otherwise, set 8; = 0’ and x; = x;_1.

3. Return {x;}Z ; and {6;}L ;.

Distributed Particle Marginal Metropolis-Hastings (DPMMH). We can easily design a marginal version
of DPMH in Section drawing 0’ ~ q9(0]0;_1) and run M particle filters addressing the target pdf 7(x|0’). The
algorithm follows the steps in Table [L3| with the difference that M parallel particle filters are used, and in this case
the acceptance probability is

(201 Zn(0)] 90(8)qu(6:-116))

(01 Zon(00-1)] 90(01-1)00(6101-1)

(76)
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Table 14: Main acronyms in the work.

GP Gaussian Process
MSE Mean Square Error
IS Importance Sampling
SIS Sequential Importance Sampling
SIR Sequential Importance Resampling
PF Particle Filter
SMC Sequential Monte Carlo
AMIS Adaptive Multiple Importance Sampling
MCMC Markov Chain Monte Carlo
MH Metropolis-Hastings
IMH Independent Metropolis-Hastings
MTM Multiple Try Metropolis
I-MTM Independent Multiple Try Metropolis
I-MTM2 | Independent Multiple Try Metropolis (version 2)
PMH Particle Metropolis-Hastings
PMMH Particle Marginal Metropolis-Hastings
GIS Group Importance Sampling
GSM Group Metropolis Sampling
PGSM Particle Group Metropolis Sampling
DPMH Distributed Particle Metropolis-Hastings
DPMMH | Distributed Particle Marginal Metropolis-Hastings
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