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Abstract

This paper examines the impact of approximation steps that become necessary when particle filters are im-
plemented on resource-constrained platforms. We consider particle filters that perform intermittent approximation,
either by subsampling the particles or by generating a parametric approximation. For such algorithms, we derive
time-uniform bounds on the weak-sense L,, error and present associated exponential inequalities. We motivate the
theoretical analysis by considering the leader-node particle filter and present numerical experiments exploring its
performance and the relationship to the error bounds.
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I. INTRODUCTION

Particle filters have proven to be an effective approach for addressing difficult tracking problems [9]. Since
they are more computationally demanding and require more memory than most other filtering algorithms, they are
really only a valid choice for challenging problems, for which other well-established techniques perform poorly.
Such problems involve (approximated) dynamics and/or observation models that are substantially non-linear and
non-Gaussian.

A particle filter maintains a set of “particles” that are candidate state values of the system (for example, the
position and velocity of an object). The filter evaluates how well individual particles correspond to the dynamic
model and set of observations, and updates weights accordingly. The set of weighted particles provides a pointwise
approximation to the filtering distribution, which represents the posterior probability of the state. This approximation
allows one to form estimates of the state values and hence track the state.

The analysis of approximation error propagation and stability of non-linear Markov filters has been an active
research area for several decades [13], [21]. In the case of the particle filter, there has been interest in establishing
what conditions must hold for the filter to remain stable (the error remaining bounded over time), despite the error
that is introduced at every time-step of the algorithm by the pointwise approximation of the particle representa-
tion [3]-[6], [8], [16], [17]. The impact of modeling errors, including incorrect initial distributions and short-lived
model mismatches, has also been investigated [17], [26].

In this paper, we focus on examining the impact of additional intermittent approximation steps which become
necessary when particle filters are implemented on resource-constrained platforms. The approximations we consider
include subsampling of the particle representation and the generation of parametric mixture models. The main results
of the paper are time-uniform bounds on the weak-sense L,-error induced by the combination of particle sampling
error and the additional intermittent approximation error (subsampling or parametric). We employ the Feynman-Kac
semigroup analysis methodology described in [4]; our investigation of parametric approximation is founded on error
bounds for the greedy likelihood maximization algorithm, which was developed in [19] and analyzed in [23], [28].

This research was supported by the National Scientific and Engineering Research Council of Canada (NSERC) through the Discovery
Grants program and the MITACS (Mathematics in Information Technology and Complex Systems) Networked Centres of Excellence.
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Fig. 1. The leader node distributed particle filtering setting

Throughout the paper, we will motivate the theoretical analysis by considering the concrete example of the
“leader node” particle filter [20], an algorithm (described in detail below) that has been proposed for distributed
tracking in sensor networks. We outline two other examples to illustrate that the analyzed problem arises in several
practical settings.

A. Example 1: leader node particle filter for sensor network tracking

One of the major concerns in distributed sensor network tracking is balancing the tradeoff between tracking
performance and network lifetime. Sensor nodes are most commonly battery-powered devices, so it is important
to limit the energy consumption, which is dominated (if the sensors are passive) by communication. Particle filter
tracking algorithms in sensor networks frequently adopt a centralized approach, wherein the particle filter resides
at a computation centre and measurements from remote sensors are transported across the network to this centre.
This approach has several disadvantages. Centralization introduces a single point of failure and can lead to high,
unevenly distributed energy consumption because of the high communication cost involved in transmitting the data.

Distributed algorithms, such as the distributed particle filtering algorithms proposed in [1], [24], address the
aforementioned problems. These algorithms decentralize the computation or communication so that a single fusion
centre is not required. Multiple particle filters run concurrently at different sensor nodes and compressed data or
approximate filtering distributions are shared between them. These distributed algorithms, while mitigating some
of the inherent problems of centralization, can be computationally expensive, because multiple nodes are required
to perform computation throughout the entire tracking procedure.

The leader node particle filter, proposed in [20], [29] and refined and analyzed in [11], [27], represents a
compromise; it is partially distributed, in the sense that at any time-step only one node performs the particle
filtering (the leader node), but this node changes over time. The setting corresponding to this filtering paradigm is



depicted in Fig. 1. A leader node (depicted by the large circles) is responsible for performing local tracking based
on the data acquired by the satellite sensor nodes (depicted by small circles). The satellite nodes have sensing
capabilities and can locally transmit the acquired data to the nearest leader node. The leader node fuses the data
gathered by the satellite nodes in its neigbourhood, incorporating them into its particle filter.

Significant communication energy savings can be achieved if the leader node follows the target, because sensor
nodes only have to relay their measurements to a nearby location. This is illustrated in Figure 1; the leader node
approximately tracks the target trajectory (depicted by the squares). Sensor management strategies are used to
determine when to change leader node [27]. When this occurs, information must be exchanged so that the new
leader node can reconstruct the particle filter. In attempting to alleviate the communication cost of transmitting all
particle values when the leader node is exchanged (which can involve thousands of bits), the filtering distribution
is more coarsely approximated, either by transmitting only a subset of the particles or by training a parametric
model.

B. Example 2: Tracking with delayed measurements

In wireless sensor networks, packet losses can lead to measurements arriving out-of-order to a node performing
tracking. Incorporating delayed measurements into a particle filter is important, because they can be highly infor-
mative and improve tracking performance. One of the simplest, and most effective, strategies is to run the particle
filter again from the time-step corresponding to the delayed measurement. This strategy can be hampered by the
limited memory of most sensor network devices, which means it is impossible to store full particle representations
for multiple time-steps. The alternative is to store an approximation, either a subsampled set of particles, or a
parametric representation, for previous time-steps. When the particle filter is run again, it is initialized by sampling
from the approximated distribution. The effect is equivalent to injecting intermittent approximations (subsampling
or parametric) into the particle filter.

C. Example 3: Real-time tracking with computational constraints

When real-time tracking is performed on an embedded processor with computational limitations, it can be
important to adjust the time devoted to particle filter computation. For example, consider a mobile robot that
employs a particle filter to track its position and at the same time conducts iterative strategic planning of its
motion in order to reach a target location. The goal can be achieved more efficiently (in less time and with less
energy expenditure) if there is an adjustment of the computational time devoted to each of these two tasks. The
adaptive particle filter proposed in [10] and the real-time particle filter of [14] adjust the number of particles at each
time-step based on an estimate of the complexity of the filtering distribution (assigning fewer particles for simple
distributions). Through these schemes, the accuracy of the position estimation can be preserved, but more time
can be devoted to motion planning. The adaptation of the number of particles is an example of the subsampling
approximation that we analyze in this paper.

D. Paper Organization

The rest of the paper is organized as follows. Tables 1 and 2 summarize the notation that is used in the paper.
Section II sets up the analysis framework and outlines relevant terminology. Section III presents some foundational
results that serve as the basis for our analysis. In Section IV we present error bounds and exponential inequalities for
particle filters that perform intermittent subsampling, and in Section V we analyze the performance of particle filters
that employ parametric approximation. Section VI describes numerical experiments that illustrate the performance
of the algorithms we analyze and the relationship to the bounds. Section VII discusses related work and Section VIII
summarizes the contribution and makes concluding remarks.

IT. ANALYSIS FRAMEWORK AND TERMINOLOGY

We consider a discrete-time non-linear filtering task in which the target dynamics and observations can be
described by the following general state-space signal model:

Xt = fe(Xi-1, 01) (D
Y = 9:( Xy, Gr)- ()



Here X; € R% is the target state vector at time ¢, Y; € R% is the measurement vector, o+ and (; are system
excitation and measurement noises respectively, f; is a nonlinear system map f; : R% — R% and g; is a nonlinear
measurement map g; : R% — R%,

In order to conduct stability (error propagation) analysis, we need to introduce slightly more rigorous mathematical
notation. Let (Ey, &), t € N be a sequence of measurable spaces. The target state vector evolves according to a non-
homogeneous discrete-time Markov chain X; with transitions M, from E} into Fy;1. We denote by X, = X [0:4]
the historical path process associated with X;. Associated with a measurable space of the form (F,£) is a set of
probability measures P(E) and the Banach space of bounded functions B,(E) with supremum norm:

[[2]] = sup [A(z)].
zeE
We define a convex set Osc;(E) of £-measurable test functions with finite oscillations:
osc(h) = sup(|h(z) = h(y)l; =,y € E)
Osci(E) = {h:osc(h) < 1}
For any h € B,(E) it is also possible to define the following:
[|PlJosc = [|R]| + osc(h).

In order to simplify the representation, we define for a measure p € P(E),

u(h) = [ (o)
and for the Markov kernel from (F;_1,&;—1) to (E;, &;):
(pi—1M;)(As) :/E pri—1(dwi_1) M; (w1, As).
Thus the composite integral operator from (E;, &;) to (Ey, &), Mt = M1 ... My, has the form:

(Mi+1 e Mt)(.’Ei, dxt) = / Mi+1(l‘i, d.TiJrl) e Mt(CCt,l, dCL‘t)

Epig1:6-1)

A. Feynman-Kac models

Throughout the rest of this paper we adopt the methodology developed in [4] to analyze the behaviour of filtering
distributions arising from (1) and (2). This methodology involves representing the particle filter as an N-particle
approximation of a Feynman-Kac model. We now discuss the Feynman-Kac representation; for a much more detailed
description and discussion, please refer to [4].

The evolution of the unconditional signal distribution in (1) is completely defined by the Markov transition kernel
M(-,-) and the initial signal distribution p:

PI‘{Xt c d$t|Xt_1 = l‘t_l} = Mt(SUt_l,dCCt) (3)

According to (3), the signal distribution at time ¢, with respect to the sequence of random variables X1, ..., X,
can be written as follows

P,e(d(xo, ..., 2¢)) = p(dro)Mi(zo,dz1) ... My(ai—1,dxy)
defining the filtered probability space
t
(Q = HEi,ft,foo,IP’u> :
i=0

where the family of o-algebras has the following property: F; C F; C Fo for any i < j and Foo = o(U;>0F;) We
now introduce bounded and non-negative potential functions G; : E; — [0, 00) that characterize the properties of



the observation process in (2). This leads to the following definition of the unnormalized prediction Feynman-Kac
model, for h; € By(F;) and t € N.

t—1
Ve(he) = Ep, <ht(Xt) HGi(Xz')>
=0
:/E[Ot Xt HG 7707 (l’o,...,l‘t))

where [, denotes expectation with respect to the d1str1but10n of an E;-valued Markov chain X; with transitions
M;. The normalized prediction Feynman-Kac model is then:

ne(he) = )
7¢(1)

The Boltzmann-Gibbs transformation W, reflects the effect of the likelihood function at time ¢ on the normalized
prediction model. The transformation ¥; maps the set of probability measures on FE; onto itself, i.e. ¥, : v €
Pi(Et) — Vi (v) € Pi(Ey). For a particular measure v,

\Ift(V) (dﬂft) =

1
@Gt(xt)y(dxt).

This transformation is used to construct the key operator ®; : P(E;_1) — P(E;), which is used to update the
predictive posterior distribution from time step ¢ — 1 to time step ¢:

e = Pe(ne—1)
Thus this operator combines the fitness assessment described by the likelihood function G;_; and the diffusion
step described by the Markov kernel M,

Qi (ne—1) = W1 (m—1) M,

The repeated application of this operator, ®;(1n;—1)¢>1, results in the semigroups ®;¢, i < ¢ associated with the
normalized Feynman-Kac distribution flows 7.

Dy =P0®P; 10...0P;4
The semigroup ®;; describes the evolution of the normalized prediction Feynman-Kac model from time 7 to time
t:
e = Pi (i)
It is related to G : E; — (0, 00), the composite potential functions on E;, and P;; : P(E;) — P(E;), the Markov

kernels from F; to ;. In particular, G; ; is defined as the expectation of the composite potential constructed based
on the observations acquired during time-steps ¢, ...,t — 1 with respect to the shifted chain M;;; ... My:

t—1
Gzt xz HG {L‘] z+l(x17d1:z+1) Mt(l‘t 1ad$t)
Eit1e G

and P;; is defined by the Feynman-Kac formulae as follows:

Je., (@) H Gi(xj) M1 (i, dzigr) ... My(zp—1,dy)
Pi(he) = -
fE 1 H G (x]) M1 (2i,dzigr) - . My(zp-1,dmy)

The Boltzmann-Gibbs transformation

ni(Githi)

U (0 (h) = ;
’ht(nl)( Z) nz(Gz,t)

and the semigroup ®; +(;)

D;1(ni) = Wi (i) Piy

can then be represented via these two quantities.



B. Feynman-Kac formulae and the Bayesian framework

It is instructive to draw parallels between the Feynman-Kac description of the filtering process discussed above
and the Bayesian formulation of sequential filtering. The integral operator, M;(x;_1,dz;), describing the evolution
of signal diffusion in (1) is most naturally related to the state transition density (assuming one exists):

Mi(zi—1,dxt) = pe(ae]zs—1)day.

The measurement equation (2), which is compactly described by the potential function G¢(x;) in the Feynman-Kac
framework, is directly related to the likelihood function p;(y|x;) in the Bayesian framework:

Gi(2e) = pe(ye|we).

We can then see how the diffusion step within the Feynman-Kac framework is related to the prediction step within
the Bayesian framework:

Dy (ni—1) —/ U1 (ne—1)(dxy—1) My(x4—1,dxy) Feynman-Kac
E,

pe(@ely1:-1) :/ p(zi-1|yr:e—1)pe(ze|zi-1)dze -1 Bayes
Thus the operator ®; generates the normalized predictive posterior distribution, 7;(dxy) = Py(ne—1)(dz) =
p(xt|y1.4—1)dxs, and the Boltzmann-Gibbs transformation Wy(n;)(dxy) = p(w¢|y1¢)dz: generates the normalized
posterior distribution using the update step analogous to that of the Bayes model:

—1(mp—1)mp—1(da—
Uy 1(mp—1) = fGt 1(@e-)m-1(dze) Feynman-Kac

5, Gi(zi—1)m—1(dz—1)
Pt—1(Ye—1|ze-1)pe—1(z1-1(y14-2)

Pt—1\Tt—11Y1:t-1) =

(@] ) Je, =1 (e—1lze—1)pe—1 (@e-1[y1:4—2)dze 1

Bayes

The normalization constant 7;—1(Gy—1) = p(yi—1|y1:.—2) can be interpreted as equivalent to Bayes’ evidence at
time ¢ — 1, p(yi—1|y1.t—2). We conclude that the Feynman-Kac formulae are directly related to the predict-update
Bayesian recursion. The difference between the two formulations lies in the fact that the Feynman-Kac formulae
describe the evolution of distributions, while the Bayesian framework describes the evolution of the corresponding
densities (assuming that these densities exist).

C. N-particle approximations
Following [4], we can define a particle filter by developing an N-particle approximation to the Feynman-Kac
model. This approximation consists of /N path particles:
= (&o<ict € Bl=Epy  kel,...,N

The particle approximation of the prediction Feynman-Kac model is defined as:

1N
N _
UD —N;Qf )

where ¢ is the Dirac delta function.
The N-tuple & represents the configuration at time ¢ of N particles £, and resides in the product space E}Y.
The particle filter then involves a two-step updating process:

N selection © N mutation N
Geky — GebB — &ueklkp,
The selection stage consists of selecting randomly N particles 575“ This random selection is achieved by setting, with

probability €, G¢(£F), ng = ¢F; otherwise we choose a random particle Ef‘ with distribution Z,]f:l ZNL%

and we set af = Ef During the mutation phase, each particle EZ“ evolves according to the Markov transition M, ;.

Oct



D. Regularity Conditions

The analysis we present relies on certain assumptions about the regularity and mixing properties of the Markov
kernels and likelihood potential functions. We adopt the same assumptions used for deriving time-uniform bounds
in [4].

We define the following condition on the Markov functions:

o« (M )l(lm) There exists an integer m > 1 and strictly positive number €,(M) € (0, 1) such that for any i > 0

and xz;,y; € F; we have

Miipm (@i, ) = MigaMiga .. Miym(2i,-) = €a(M)Miipm (4, -)-
The following regularity condition is defined for the likelihood potentials:
e (G), There exists a strictly positive number ¢,(G) € (0, 1] such that for any ¢ and x4,y € Ey
Gi(wt) > e(G)Gi(yr)
The Dobrushin contraction coefficient (3(P; ;) € [0, 1]) plays a key role in our analysis. This is defined as follows:
B(Piy) = sup{|[Pit(s, ) — Pit(¥i, )lws i,y € Ei}

If (G), and (M )(m) hold, then according to Proposition 4.3.3. [4] we have the following estimate for the Dobrushin
contraction coefficient:

B(P) < (1 — (M) 1)(G)>L(t—i)/mJ |

III. FOUNDATIONAL RESULTS

Our analysis of error propagation relies on results that characterize the impact of sampling operations and the
manner in which distribution discrepancies are propagated in the Feynman-Kac framework. In this section, we state
and prove some of these foundational results, which build upon relationships presented in [4].

We first introduce some necessary notation. Denote by (uy)r>1 a sequence of probability measures on (E,E),
and by (hg)r>1 a sequence of £-measurable functions. Denote by m(X) = + Zévzl 0x+ the N-empirical measure
associated with a collection of independent random Variables (X k)k21 with respective distributions (4 )>1. Further,

define m(X)(h) £ Z hi(X};) and o%(h) & & Z osc?(hy,).
Let the sampling operator SN P(E) — P(EN ) be defined as:

N
1
SMm)(h) = 5 > _h(E") - @
k=1
where (¢1,...,&N) is the i.i.d sample from 7. With this notation, the standard particle filter can be expressed using

the recursion n¥ = SN (®,(n) ;).

A. Bounds on errors induced by sampling
The following result bounds the weak-sense L, error induced by the sampling operator for functions with finite
oscillations. We recall that for a measure P € P(E f )

Lemma 1. Suppose P € P(E), then for any p > 1 and an E-measurable function h with finite oscillations we
have

EMP—sWPmmwﬁgc@ﬁﬁ%,

where c(p) is defined as follows:

B 1 if p=1
)= i) po1

and T'[-] is the Gamma function.



Proof: Since E{[P — SN (P)](h)} = P(h) — P(h) = 0, we have from the Chernov-Hoeffding inequality:
PP - SY(P))(h)| 2 e} < 2670
We note that
P{|[P — SN(P)J()[ = e} = P{|[P — SN (P)](h)| > €"/7}
and we have from the Chernov-Hoeffding inequality:
(I[P~ SM(P)(h)] > €!/7} < 272N/

Next we recall the following property:

E{|[P - SY(P)](h)]} = /Ooo P{|[P — SY(P))(h)| > e}de

And finally we obtain:

E(|[P - SY(P)|(h)"}F = /0 TR - SV P 2 el/p}de} ’

o0 »
< |2 / o 2Ne7 [a2(h) 4 e]
0

- [rme-ér 2]

Applying Lemma 7.3.3 of [4] allows us to set ¢(1) = 1 instead of ¢(1) = 2-1/2T[1/2] = /7 /2, and this completes
the proof. [ ]

An almost identical result applies for the N-empirical measure m(X ). Lemma 2 tightens Lemma 7.3.3 from [4]
and extends it to include non-integer p (for a comparison of the two bounds see Appendix A).

Lemma 2. For a sequence of E-measurable functions (hy),>1 with finite oscillations and satisfying iy (hi) = 0
forall k> 1,

h)

10

E{|m(X)(R)|P}» < e(p)»

for any p > 1, where c(p) is defined as in Lemma 1.

)

The proof follows the same argument as that of Lemma 1, noting that the condition E(m(X)(h)) = 0, which is
necessary for application of the Chernoff-Hoeffding bound, follows from the condition pu(hg) = 0.

The following theorem provides a bound on the moment-generating function of the empirical measure m(X).
The result employs Lemma 1 to tighten Theorem 7.3.1 of [4] (for a comparison of the two bounds see Appendix B).

Theorem 1. For any sequence of E-measurable functions (hy)k>1 such that pg(hy) = 0 for all k > 1 and
o(h) < oo, we have for any €

E{eg\/ﬁ|m(){)(h)|} <1+ eo(h) <1 _ \/§+ \/zefaz(h) [1 + Exf [Ei/(g)H)

Proof: We first utilize the power series representation of the exponential:

B {0 = 37 E R (m(X) ()"}

n>0

= &% {|m(X)(1)|°} + eE{lm(X) (W)} + > ° .E{Im )W)}

n>2




Utilizing Lemma 1 we have:

E {ee|m<x><h>|}

eo(h) en _
" (h)n(2N) ™/ [n/2
75 2 n @) T /)
eo(h) ea(h) 1" T'[n/2]
VN 2 LeN)Y2] (n—1)!
ea(h) eo(h)y/m eo(h)ym 2:2m [ [ea(h)”
VN V2N VaN ¢ " VN
Choosing ¢ = ev/N and rearranging terms completes the proof. [ ]

The following corollary containing a more tractable variation of the previous theorem can be useful for deriving
the exponential inequalities for the particle approximations of Feynman-Kac models.

<1+

Corollary 1. For any sequence of E-measurable functions (hy)r>1 such that pp(hy) = 0 for all k > 1 we have
for any €

o(h) < 0o = E {esmmx)(hn} < (1 n mf"(’”) o Zo?(h)

Proof: The proof is straightforward since sup, Erf(z) =1, 1 — /7/2 < 0 and 5o > 1. [ |

We note that the simplified estimate of the moment-generating function in Corollary 1 is much tighter than the

bound in Theorem 7.3.1 of [4] for asymptotically large deviations £ while the more complex bound in Theorem 1
is uniformly tighter over the range of ¢.

B. Error propagation
Proposition 4.3.7. in [4] underpins our analysis of the stability of the semigroups ®; ;.
Proposition 1 (Del Moral [4], Proposition 4.3.7). For any 0 < i < t, u; € P(E;), and hy € By(E;) with

osc(hy) < 1, respectively ||hi|| < 1, there exists a function h; in By(E;) with osc(h;) < 1, respectively ||h;|| <1,
such that for any n; € P(E;) we have

|Gl

[[@it(mi) — Pie(pi)](he)| < ﬁ(Pi’t)Wi;;C‘(ni — i) (hi)| S))
and respectively
B () — @ (o)) o)l < BP0 e i — ) ©)
IRAU PRAVZ] > 1, Th‘(Gz’,t) i i i

Using the following logic for some positive function ¢ we can obtain a result intermediate between (5) and (6):

lpllose = [l + osc(p) = ll@ll + sup |p(z) = ¢(y)]

zyek
1 v(y)
<ol [ 14+ — sup |1 — —=||p(x
””( Tl B!~ ey | 1)
el zyer|  ol(2)

< loll (2 - ez )

Supgep ()

Summarizing, we can formulate the following proposition.



Proposition 2. For any 0 < i < t, u; € P(E;), and hy € By(Ey) with osc(hy) < 1 there exists a function h; in
By(E;) with osc(h;) < 1 such that for any n; € P(E;) we have

R UGl [, ifyen Cul)]
H@Lt(nl) (I)lﬂf(ru’l)](ht”SB(‘P’L,t)nl(GlJ) 2 ||Gz,t| ‘(771 :U"l)(hl)’

These results describe the propagation of one-step approximation error through the non-linear operator ®; ;. They
reveal the link between the initial error at time ¢ and the propagated error at time ¢ through the properties of the
potential functions G;; and the Dobrushin contraction coefficient 3(P; ;).

According to Proposition 4.3.3. [4], the oscillations of the potential functions can be bounded as follows under

(m),

assumptions (G), and (M)
Whaeb Cial®i) » ¢ (anye(@)
1Giell
|G|
7i(Git)

Thus Proposition 2 implies that under assumptions (G), and (M)," the error propagation in the sequential
Feynman-Kac filter can be characterized as follows:

<6 (M)e,™(G)

u

@44 (n:) — Bis ()] (he)] < (1 _ GE(M)eﬁmfl)(G)) [(t—i)/m]

2 eo(M)e™(Q)

u Y 7
EU(M)Eum(G) |(771 MI)( l)| ( )
The global approximation error between the true filtering distribution and its N-particle approximation, 7;" — 7,
can be related to the sequence of local approximation errors nZN — @i(ni]\l 1),1=0,...,t[4]
t
m ==Y [®ii(n)Y) — @ir(@i(n1))] - ®)
i=0

I'V. PARTICLE FILTERS WITH INTERMITTENT SUBSAMPLING

This section presents an analysis of the error propagation in particle filters that perform intermittent subsampling
approximation steps. We focus on the case where the number of particles N is constant and the subsampling
approximation step always uses [NV, particles. It is relatively straightforward to generalize our results to other
settings, where the number of particles /N and the size of the subsample approximation may vary over time. Our
main results are a time-uniform bound on the weak-sense L,-error and an associated exponential inequality.

A. Algorithm Description

Denote by §; a binary variable which indicates whether a subsampling approximation is performed at time-step ¢.
In our analysis, we will assume that this variable is the outcome of a decision function based on the set of particles
{5571}{3/:1 and observations y; at the previous time-step. Similar results could be obtained should the decision
function be of a more general nature (for example, based on either the entire history of the particle filter, (&% ){CV:l,
and/or the entire history of measurements y;.¢). We define dy(-,-) = 0, and we assume there exist probabilities:

E{5t} = P{5t = 1} = qt

The expectation is with respect to the Monte-Carlo sampling, measurement noise and the possible target trajectories.
The value of g; characterizes the frequency of subsampling approximation at time-step .
The subsample approximation particle filter can then be expressed as:

ny = SN o SM(@y(n)Y ) if & =1,
Y = SN(®,(nN ) if 6 =0 ©)

Example: leader node particle filter with subsampling



Suppose that £ = {1,2,..., L} is the set of leader node labels and every leader node with label ¢ € £ has a set of
satellite nodes S, that take measurements and transmit them to the leader node. The number of such satellite nodes
in the vicinity of the leader node ¢ is |Sy|. The state-space model describing the target evolution and measurement
process at every leader node is then a simple modification of the general state-space model described in Section II:

Xy = ft(Xt—l, Qt) (10)
Y/ =gl(X/,¢]) VieS, (11)

Thus the target model is the same at every leader node but the observation Erocess may be different.

For the leader node particle filter, the decision function 5t({§t 1}] 1,Y; "), is used to decide whether or not

to change a leader node at time ¢. Here Y} 5% denotes the set of all measurements recorded at time ¢ by the set
of satellite sensor nodes Sy, of leader node ¢;. The leader node algorithm with subsampling can be described as
follows:

Dy, () = e — i = m if 6 =1, (12)
O, (N y) =0 if 6 =0 (13)

Here the implication sign = represents a sampling operation and the right arrow — denotes the communication
process.

If 6; = 1, the current leader node ¢; determines the next leader node ¢, 1 (through a sensor management algorithm,
see e.g. [27]), and calculates the Ny-particle approximation to the current predictive posterior distribution, 7;", by
sub-sampling the output of the standard N-particle propagation step. Finally, the leader node ¢; transmits 771{\7 ® to the
next leader node ¢;11, which recovers the N-particle approximation by up-sampling. If §; = 0, the current leader
node performs standard particle propagation.

In the leader node setting, the uniform condition (G), can be formulated as follows:

e (G)¢ There exists a strictly positive number ¢,(G) € (0, 1] such that for any £, ¢ and z;,y; € E;

Gr,(zt) 2 € (G)Ge,(ye)

Indeed, (G)! holds if we take ¢,(G) = %1>1£ Emg €, (G) and K, = = max |Se|. Thus Proposition 2 implies that in the
t€
leader node setting and under assumptions (G)¢ and (M ) ) the error propagation in the sequential Feynman-Kac

filter can be characterized as follows:

[®e () = B ()] (o)) < (1= 2AN™ V()

2 - QM) G,
< gy = ) () (14)

) L(¢—d)/m]

B. Time-uniform error bounds and exponential inequalities

We now analyze the global approximation error for particle filtering with intermittent subsampling. We first
present a theorem that specifies a time-uniform bound on the weak-sense L, error.

Theorem 2. Suppose assumptions (G), and (M ),(]n) hold. Suppose further that P{6; = 1} < g, for any i > 0 and
0 < gy < 2/3. Then for a positive integer x such that N = xN,, t > 0, p > 1 and hy € Oscy(FE;) we have the
time uniform estimate

€umct/P
sup {1 = ()" < =20 (a1

where the constant €, m, is':

m(2 — a(M)e(G))

(15)
(M) (@)

€um =

'In the leader node setting this is given by the following expression eym = m(2 — e, (M)e X4 (G)) /€3 (M)el>™ V5 (@),



Proof: We begin by applying Minkowski’s inequality to (8)

B =

E{Hm —11¢] ()| }‘1’ Szt: { et (1) = P, (Pr, (17 1))] (hz‘)\p}
=0

and then applying Proposition 2:

t

> E{] [0 0)) = e (@ )] ()]}
=0

infy,cm Goo, (i) ] |° p
< S { et - e i st e}

Furthermore, applying (7) we have:

ZE{ @, () = Br e, (@ (o} )] ()]}
2 —&(M)e(Q)

u

= TaDe(G)
¢ ) (m—1) L(t—=4)/m] N N p\ /P
X Z (1 — e/ (M)ey (G)> E{’ [ = @0, (0f1)] ()] } .

1=0

Next we analyze each individual expectation under the sum above. In particular, using the structure of the algorithm
defined in (24) and the definition of sampling operator introduced in (4) we can rewrite the terms comprising the
sum in the following explicit way:

E{ | — @0 )] ()"} (16)
—E{|[65Y 0 8%(@4, (1) + (1 = 88" (@4, (1)) = e, ()] (k)] }
Grouping the terms and using Minkowski’s inequality again we conclude the following:

E{| [ — 20 )] 1"} <E{]o (87 0 8% (@0 (1)) — @ ()] ()|}

+E{](1 = 0) [$Y (@0, () — @ )] ()]}

Adding and subtracting 6;S™o(®,,(n¥,)) in the first term on the right and applying Minkowski’s inequality again
we have:

B =

-

1

E {\ (7Y — @, ()] (hi)\p}; 17)

SE{‘&' [N 0 5™ (@, (Y1) — S™ (g, (n¥1))] (ha)|” }1
FE{ |8 [ (@0, (1 1)) — @0 ()] ()"}

+E{|(1=6) [N (@0, Y1) - ()] (i)}

We see that each error term under the sum splits into three individual terms, describing the approximation paths
the leader node algorithm can follow at time ¢. If N = x NV, then the N-particle approximation after subsampling
can be recovered from the N,-particle approximation without error by replicating the N,-particle approximation
times. Thus the first term in (17) is zero.
The analy51s of the remaining two terms is similar. We first concentrate on the second term. Recall that 0; =
({fZ O =1 Y ) Thus given the o-algebra F; 1 and the realization of the current measurement, Y fl"',
the output of the decision rule is independent of the sampling error, [S™ (®y, (7Y })) — @4, (0N )] (hs). We exploit



this Markovian nature of the decision rule and apply Lemma 1 to the conditional expectation rendering the following
bound:

E {\52 (SN (@, (Y 1)) = @, (0] 1)] (hz‘)\p}l/p (18)

Se, S\ VP
— E {6 {|[s™ (@0, (1)) = @0, ()] (o) |Fica, v} = 47}
< Cl/p(p) q}/p
=N, G
Combining the analysis results for all three terms we obtain:

E{’ (1" = e, (i) (ht)|p}1/p < cP(p) <qi1/p\/;7b +(1- qi)l/”\/‘%>

We note that the expression in brackets has the form ¢(¢;) = qil/p(a + )+ (1 —g:)"/Pex for some § > o > 0. For
p > 1, p(g;) has maximum at ¢; = g¢max With

1 .
1+ [(Hﬁ}p/(l—p)

«

Gmax =

We have that ¢(g;) is non-decreasing on ¢; € [0,¢max] and non-increasing on ¢; € (Gmax,1]. Noting that
[(a+ B3)/a]?/U7P) is increasing in p we obtain:

1 1
Qmax > ——F———= > inf 7:2/3

et e

Thus if ¢, < 2/3 < gmax then for any ¢ > 0 we have the time-uniform estimate:

1/p 1 1
B{Iln - @] P} < ) (a7 b - ) )
Finally, noting [4] that:
! t—i)/m
1 eandm V@) < = (19)
u 2 (m—l)
i=0 & (M)ew (G)

we complete the proof of theorem. |

The result can be generalized to cases where /N is not an integer multiple of N, at the expense of a slight
loosening of the bound.

Corollary 2. Suppose the assumptions of Theorem 2 apply, except we allow any integer N, < N. Then for any
t >0, p>1and hy € Oscy(E;) we have the time uniform estimate

< N _ e o) 7 L
{0} < a7 <qu [ o+ m]*“ 4)? m)

where the constant €, p, is defined as in (15).

The corollary follows by allowing for sampling error to arise in the first term in (17):

1 e /
B {6 [57 0.5 (1)) = 5@ Y )] ()} < S Pl

and incorporating this error bound throughout the rest of the proof of Theorem 2.

Corollary 3. Under the same assumptions as Theorem 2, we have for p € N and hy € Oscy(E}) the time uniform
estimate

wmc!? 1
upE {| [ - ni)(he)P}7 < ”\/N(p) (@ + (1= q)) " (20)



Proof: Starting with (16), we perform a different error decomposition:
E{|[nY - @) (hi)|"}’ @1)
=E{]6; [V 0 5™ (20, (n]%1)) = e, (n¥)] (hi)

(
+ (1= 6) [SY (@0 (1) = 0o, )] ()]}
<E {07 [8Y 0 8™ (@y, (Y1) — @1, ()] (ho)lP

=
N
>

+ Z <i) SF(1 = 5;)P7*] [sN o SN (@, (N ) — @y, (m]&)} (hi)|*

ESN(@ (1)) = @, (0 1)) (hi) [P
+ (1= 6)P |[SN( @, (N 1)) — @0, (0N )] (hi”p}l/p_

We observe that §;(1 — ;) = 0 and that if N = x NV}, for integer y, we can reconstruct an /N-sample representation
from the NV, sample with no additional error. Thus:

E{|[nY - 2:(n))] (hi)‘p}; <E{o |[™(@i(n¥.)) — @i )] ()]
+ (1=3) | [SN(@i(nN 1)) — @i(n )] (hi)‘p}l/p’

Applying the same conditioning as in (18) and utilizing Lemma 1

L o e 1/p
E{| [ — 2] ()"} < (qz ®, (- <p>>
b

NP/2 Np/2
1/p 1/p
c\p
=D (@ + (1 ) 22)
We note that y > 1 and ¢;x + (1 — ¢;) < qux + (1 — q,) under the assumption g; < g,. The final step in the proof
involves applying (19) as in the proof of Theorem 2. |

The intuitive implication of Theorem 2 and Corollary 3 is that rare approximation events have limited effect on
the average error performance of the subsample approximation particle filter. The Lo error bound for the standard
particle filter is the same as (20) of Corollary 3 taken with p = 2, except for the term (qux + (1 — qu))"/>.
This expression thus quantifies the performance deterioration, in terms of Lo error bounds, due to the subsample
approximation step. If the compression factor, y, is x = 10, and subsample approximations occur with probability
0.1, then the deterioration of the root mean-square performance captured, in terms of bounds, by the factor
(0.1 x 10+ (1 — 0.1))1/ % is around 40%. The communication overhead, on the other hand, represented by the
total number of particles transmitted during leader node hand-off, is reduced by a factor of 10. The compressed
particle cloud exchanges are most efficient in scenarios where the targets being tracked have slow dynamics and the
density of leader nodes is relatively low (both implying rare hand-off events), but the tracking accuracy requirements
and leader-to-leader communication costs are high.

Example: leader node particle filter: If the compression factor, y, is x = 10, and subsample approximations
occur with probability 0.1, then the deterioration of the root mean-square performance deterioration captured, in
terms of bounds, by the factor (0.1 x 10+ (1 — 0.1))1/ 2 is around 40%. The communication overhead, on the
other hand, represented by the total number of particles transmitted during leader node hand-off, is reduced by
a factor of 10. The compressed particle cloud exchanges are most efficient in scenarios where the targets being
tracked have slow dynamics and the density of leader nodes is relatively low (both implying rare hand-off events),
but the tracking accuracy requirements and leader-to-leader communication costs are high.

Theorem 3 below provides the exponential estimate for the probability of large deviations of the approximate
Feynman-Kac flows associated with the subsample approximation particle filter. Before proceeding to Theorem 3
we state a technical lemma.



Lemma 3. Let X and Y be real random variables taking values in X C R and Y C R and let the joint distribution
of these variables be Px y (d(x,y)). Then for any € € R we have:

P{X +Y > ¢} < P{X >e/2} + P{Y >¢/2}

Proof: Let us define subsets X,>,y C X, Xp>y ={z € X 12 >y,y € Y} and X,y = Xesys Xocy = {z €

X :x <y,y € YV} Denote by 1.nq the indicator function, taking value 1 where the condition cond holds and 0
elsewhere. Now write the explicit expression for P{X +Y > ¢}:

P{X+Y >¢}= / / Loty Pxy (d(z,y))

/ / Losyoe Py (d(2,9) / / 1o4y2e Py (d(z, y)

Since 1;4y>c < 12z>. on &>, and 1x+y25 < 19y>. on X, we have

PNy 2ebs [ [ LopPor@ea)+ [ [ 1spPor()
)J Xa;>y y Xz<y

</)}/Xiz>e/2PX,Y(d($ay)>+/)}/le>e/2PX,Y(d($7y))7

and the claim of lemma follows. [ ]

Theorem 3. Suppose assumptions (G), and (M ),(,m) hold. Suppose further that P{6; = 1} < q, for i > 0 and
0 < q, < 1. Then for any N, < N, t > 0 and hy € Oscy(E;) we have

Ltn

sup P{\[n —ne)(he)| > €} < <1+4\/
>0

N _ Nga2
+ Qu <1 + 4/ 271'E b) e Zim

€um

gw)

€u,m

Proof: Using the triangle inequality in (8) we have
¢

|0 = ] (he)| < D [[®ie () = @ia(@i(ni1))] (hi)]

=0

and a =

L(t—=i)/m]
Following the methodology presented in Theorem 2 and denoting w; = (1 — (M )e(m 1)(G))

2—e(M)e (G) .
W we have:

|7 = ne] ()| <aZwZ n = ®i(n )] (b))

Using the structure of the algorithm defined in (24) and the definition of sampling operator introduced in (4) we
obtain the following (similarly to Theorem 2):

| = mel(he)| < @Y widi [[SY 0 8™ (@i(nfL)) — 5™ (@i(niY1))] (hi)]
1=0

+a) wi(l =) |[SM(@i(nYy) — i(nY )] (ha)]
1=0
+a Y widi |[SV (@i (0 )) — @i )] (ha)]

i—0
= Z1 + Zo,



where
ZV:G}:“W%HSNOSN%@KﬁYQ)—SNW@KUﬁﬁﬂ(hﬁ‘

1=0

t
+a) wi(l =) |[SM(@i(nYy)) — ®i(nY )] (ha)]
=0

Zy=ay widi |[S™(@i(nN ) = ®i(nY )] (ha)]
=0

Noting that
sup P{HntN —ne](he)| > 6} <sup P{Z) + Zy > ¢}
>0 >0

and applying Lemma 3 we have:

sup }P’{anv — ] (he)| > E} <sup P{Z; >¢/2} +sup P{Zy > ¢/2}.
>0 >0 >0

Now applying Markov inequality we conclude:

cup P {1~ () > o} < up B {3 ) 4 sup B e > 07}
t>0

>0 >0
<sup e "/?E {eﬁz1 } +supe ™°E {eTQZQ}
>0 >0

Next we apply the exponential series expansion

E{enZ) =Y %E{Z{L} (23)

n>0

and use the fact that according to the following conditioning argument and Lemma 1 we have

B{Z{}V" = (R{Z}|6; = 1}P{6; = 1} + B{Z}|6; = O}P{6; = 0})"/"

< a3 B {(0:][Y 0 S%(@i(n 1) — 8% (@i )] (o)
=0

+ (1= 6) [[SY (@Y 1)) — @i(n))] <hi>|)"}1/n

= o’y wi (P = BE{|[Y o $™(@:(n)))) = S (@inL0))] ()" 16 = 1}
=0

+ P{3; = OYE{ [V (@i(n¥.)) = @i (n¥ )] ()" 163 = 0})1/n

t
< @Y wilgem)N T 4 (1= g)e(m)N /2
=0

B Cl/n(n) t

a
NS

¢
Noting that a ) w; < €,,, we have:
i=0

E{Z]'} < e} e(n)N "2



Substituting this into (23) and employing the same simplifications as in the proofs of Theorem 1 and Corollary 1
we obtain:

—ETl/QE {elel} Z (Tleum) @6—57’1/2

n!
n>0

IN

T1€um, Tiewm ) L(n/2) —
R ’ e~
AR o

T1€um Helm o
= (14 var e ) e
(v

Choosing 7 = 2§N we have
u,Tn

€um

e~ N/2E {en %) < (1 +4\ﬁ€\r> e

Similar analysis yields

67572/2]}2 eTng < 1+ /27[_7'26u,m eﬂ";]\‘};‘m—sm/Q’
{ } — qu \/ﬁb

2N bE results in:

which after choosing m =

75T2/2E {€T2Z2} < Gu (1 + 4\/75\/7> 25u m

€u,m

This completes the proof. u

V. PARTICLE FILTERING WITH INTERMITTENT PARAMETRIC APPROXIMATIONS

In this section we analyze the error behaviour of a particle filter that incorporates intermittent parametric mixture
estimation of the filtering density. The probability density estimation problem consists of estimating an unknown
probability density given the i.i.d. sample {&}¥, from this density. As before, let (F, ) be a measurable space.
Denote A a o-finite measure on £. Throughout this section it is assumed that the underlying distribution has a
density if its Radon-Nikodym derivative with respect to \ exists.

We assume that with the sequence of the approximate filtering distributions, ®;(n}¥,)(dz;), there exists an
associated and well-behaved sequence of approximate filtering densities ﬁ@i(nf\i 1)(dz;) so that the mixture density
estimation problem is well-defined. The main result of the section, constituted in Theorem 6, is a time-uniform,
weak-sense L, error bound characterizing the expected behaviour of the parametric approximation leader node
particle filter.

A. Parametric Approximation Particle Filter Algorithm

For this algorithm, the binary variable ¢; now indicates whether a parametric approximation is performed at
time-step ¢. Again we assume that it is the outcome of a decision function based on the set of particles {Ef_l}zk\;l
and observations Y; 1 at the previous time-step. Denote by Wy, : P(E) — P(ENe) an operator that represents
a parametric mixture approximation procedure that involves N, mixture components (we will provide a concrete
example below). The parametric approximation particle filter can then be expressed as:

= SN o Wy, (P¢(npY,)) if 6 =1,
= SN (@y(nfY,)) if 0 =0 (24)
Example: parametric approximation leader node particle filter
When it employs parametric approximation, the leader node particle filter can be represented as follows.

o, ) =N 2 H0 — = m if o, =1,
Dy, () = if 6 =0



Here the = represents the local distribution parametric approximation process and N, is the number of the compo-
nents in the mixture. As before, = represents an N-particle sampling operation and — represents communication
between leader nodes. Thus the second particle filter we define relies upon a parametric approximation of the
distribution @i(nﬁ 1) based on the current particle set (a sample from this distribution).

B. Parametric Approximation

Within the GML framework proposed by Li and Barron [19] the discrepancy between the target density f and its
estimate is measured by the Kullback-Leibler (KL) divergence. For any two measures v and p on £ KL-divergence
can be defined as follows:

dv
D(v||p) = / log —dv (25)
i) = [ 1og
We will also abuse notation by writing KL-divergence for two arbitrary densities f and g in a similar fashion:
x
D(slle) = [ tos 28 raran) 26)
E 9(@)

Consider the following class of bounded parametric densities:

Hi = {@f)ai (z) : 0; € ©;, 0 < inf ¢9i(l‘i),gup Po, (z;) < bi}
L iy Li
where 0 < a; < b; < oo and ©; C R% defines the parameter space, and inf and sup are taken over ©; and
E;. In the setting where the intermittent approximation is accomplished using parametric approximation, we are
looking for a sequence of mixture density estimators of the filtering densities. We thus define the class of bounded
parametric densities, ¢y, (x), indexing it by time-step ¢ to emphasize that the parameterization can be time-varying.
The approximation is restricted to a class of discrete N,-component convex combinations of the form:

NP NP
Cn,,i = conv, (H;) = { g g(z) = Zaz’,jcﬁej (), do, € Hi, Zai,j =1, 0,5 >0
i=1 =1

As N, grows without bound, Cy, ; converges to the class of continuous convex combinations:

C; = conv(H;) = {g (@) = /@ b0 (2)P5(d6), 6y € Hi}

The general framework for the greedy approximation of arbitrary cost functions is discussed in [28].
The particular instance of this more general framework is the Greedy Maximum Likelihood (GML)
for mixture approximation (see [19]). The corresponding computational routine, a sequential greedy
maximum likelihood, associated with this procedure is summarized in the form of Algorithm 1.

Algorithm 1: GML

1 Given g1 € H

2 for k=210 N, do

3 Find ¢, € H and 0 < o < 1 to maximize the function:

N
(6, 0) = axgmax 5~ log((1 — ax)gr1(z;) + o, (25)

kbl j=1

s Letgr=(1—0ap)gk—1+ apde;

6 endfor

To link the greedy maximum likelihood maximization in Algorithm 1 to the minimization of KL-divergence we
recall that if v is a known distribution and y is the KL-based fit to this distribution, the KL-divergence minimization



problem can be written as follows (assuming that the corresponding densities exist):

d
min D(v||g) = min /logydy
E

LEP(E) pEP(E) dp
i / log -4 / log 3 d]
= min vV — v
wepimy |y 08 d\@) L 08 dA(x)

/ log -~ 4
= max og ———av
wer(e) Jp ° dA(z)
In practice v itself is unknown, but a sample from this distribution may be available. The approximation of the
true expectation with respect to v above by the expectation with respect to its empirical counterpart, SV (v), leads
to the maximum likelihood density estimator:
dp
min D(v = max E,log ——
peP(E) (vllw) vepm) " 08 da(z)
dp

=~ E N 1 -
wep(m) 008 A (@)

N
du
= LePE) ; log iy )

Thus the error committed by resorting to the suboptimal GML algorithm consists of two contributions.

First, there is the error associated with the limitations of the approximation class C: even the best possible
p € C will have non-zero D(v||p) if v ¢ C. We will call this error the approximation error. Second, there is
the combined error associated with the greedy optimization and the approximation of the true expectation by its
empirical counterpart — we will call this the estimation error. In the following we analyze these errors for the
one-step approximation and then link the results of the analysis to the overall error of the parametric approximation
particle filter.

C. Local Error Analysis

The attractive features of Algorithm 1 are threefold. First, the algorithm simplifies the ML density estimation
procedure. Instead of facing the N,-mixture estimation problem we only have to solve N, 2-mixture estimation
problems [19]. Second, there are several bounds on approximation and sampling errors of Algorithm 1 in terms of
KL-divergence (see [19] and [23]). In this section we extend the existing results and perform the L,, error analysis.
Third, it was shown [19] that the performance of the greedy algorithm converges to the performance of the optimal
mixture estimation algorithm as N and IV, become large. Thus if these conditions hold, the results obtained for the
parametric approximation particle filter that uses GML are also applicable if other density estimators are employed.

Here we state the relevant results from [19] that will be of use in further analysis. The following notation
is introduced to facilitate presentation. Assuming that f is a target density and g € C we denote D(f||C) =
infoec D(f||g), the least possible divergence between a target density, f, and a member g from the class of
continuous convex combinations C. Furthermore, assuming that the target density f is known, the analytical estimator
gMec N, can be obtained by solving the following greedy recursion for ¢ = 2... N, (see Algorithm 1):

(6}, ) = argmax / JoB((1 — a)gicr () + and, () f ()

a0k

Alternatively, g™ € C N, 1s an empirical N,-mixture estimator constructed using Algorithm 1 based on a sample
from the target density, f. The following theorem (see [19]) reveals an important general property of the GML
algorithm.

Theorem 4 (Li and Barron [19], Theorem 2). For every gc(x) € C

2
D(f]lg™) < D(fllge) + ”jvz“ﬂ.
P
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Here,
2, = f@ cbg(:c)IP’(dH)
re (Jo Po(z)P(d6))?
and v = 4[log(3+/€) + supy, 9,co +ck 108(do, (2)/d0, ()]

One of the consequences [19] of Theorem 4 is the following relationship between an arbitrary g¢(z) € C and
the empirical GML algorithm output g™*» € C N,:

N
1 AN Cf c
N ;1 log g™ (wi) > — E log gc(z:) A (27

f(z)dz,

Clearly, it also follows directly from Theorem 4 that D(f||g™?) < D(f||C) + ’ch <. Thus Theorem 4 establishes a
strong formal argument that shows that the greedy density estimate converges to the best possible estimate as N,
grows without bound. Similar results for the empirical estimator g™ appear in [23] and [19].

Our next goal is to connect the existing results on the performance of the GML in terms of the KL-divergence to
its performance in terms of L, error metric. Our next result reveals the L,, error bound characterizing the average
performance of the GML algorithm. One of the components of the bound is the packing number D(e, H,dy),
which is the the maximum number of e-separated points in H (the class of parametric density functions) under the
empirical semimetric dy. The empirical semimetric is defined for hy, hy € H as

d% (h1,ho) = NZhlxk — ha(zp))>.

Theorem 5. Suppose g™V € Cn, is constructed using Algorithm 1 and G € P(E) is the distribution associated
with gNr. Suppose further that there exists density f associated with the target distribution F' € P(E). Then for
any h € By(E) with ||hllosc <1, p > 1, and N, N, € N we have:

B{16% - e} < va |- (2 r2)

Ny

2 1/2
+(p/4)\CE /Ob Viog 1+ D(e H, dN))d€> AT D(f||C)]

where C' is a universal constant®.

Proof: Using Pinsker's inequaliy, [ |f — gl < /ZDUFIg). (7] we have
B{1e% - rior}” —e{ ([ - f(x)]h(x)dx)p}
<t { ([ 59 - i)}

<e{( 2D(f\|§NP)> }W

2/p 1/2
—va e { Dy}
Now, suppose p > 2. The following decomposition can be used to analyze the previous expression:

D(fl[g") = D(fl[g"") — D(flIc) + D(flIC)

1/p

2See [25] for details.
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Denoting g* = arg mingec D(f||g) we have the following modification of the decomposition proposed by Rakhlin
et al. in [23]:

D) = DUAIC) = - [ 108" (@) F(do) + [ 1ogg"(x)F(d)
N
= —/log/g\NP(x)F(dx) + %Zlog/g\Np(:ci)
=1
N log ¢* (z; Ly log 3™ (z;
+N; 0g g™ (z;) — N; 0g ™ ()

N
+ [logg* (@)F(do) ~ 3 logg"(w)
=1

Applying (27) to the middle term we see:

02
DUIIE) = DUIIC) < IIF — 8 (P)]0g 3] + IIF — 5 (P)](og ") + "5

By the definition of D(f||C) it follows that D(f||g™) — D(f||C) > 0 and thus we conclude:

2
|D(fllg™) = D(flIC)| < 2sup|[F — SN(F)] (log g)| + WJC\TJ
geC p

This allows splitting the effect of approximation and sampling errors by applying Minkowski’s inequality (since
p=2)

/
B {D(15%2) " = 2 {|D(s1g™) - DUsIIC) + DA}
p/2 2/p 2
< 2E ¢ [sup HF — SN(F)] (logg)‘] + VNJ + D(f|[C).
gel b

The next step of the proof makes use of a symmetrization argument. We recall the definition of the Rademacher
sequence (£) as a sequence of independent random variables taking values in {—1, +1} with P{e}, = 1} = P{e}, =
—1} = 1/2. Denote by S the generator of the signed Rademacher measure (with x;, being the samples from p):

1 N
Sév(ﬂ) = N Z‘Ek(sxk
k=1

Using the symmetrization lemma (see e.g. Lemma 2.3.1 in [25] or Lemma 6.3 in [18]) we deduce:
2/p 2/p

p/2
E{ [sup|[F — ¥ (F)] (log g)\] <9E

p/2
sup [ SN (F) (log g)\]
gec gel

Denoting x(z) = g(z) — 1 and using the fact [22] that ¢(x(z)) = alog(x(z) + 1) is a contraction’, we apply the
comparison inequality (Theorem 4.12 in [18]), observing that [‘]p/ 2 is convex and increasing for p > 2 and « is a

3The function ¢ : R — R is a contraction if we have |¢(z) — ¢(y)| < |z — y|,Vz,y € E.
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bounded function:

p/2 2/p p/2 2/p
12
E{ [sup|SY(F (logg)‘] =E [ sup | SN (F) (alog(k + 1))
geC 20, geC
r p/2Y) %P
< ZE 1 |sup [SY(F) (g - 1)|]
a | 9€C

IN
[
=

r p/2Y) 2P
: {supséw)(g) } +2e sy e}

gecC

Using Lemma 1 we have:
p/2Y 2/P
L 2¢7(p/2)

02127
E{ IS ()2} <=7

1 N
Ll W
N;

On the other hand, we have for any g € C a corresponding ¢g € H:

N RS
SN (F) )| = | 57 D sig(a)

do)

Thus we have

sup |2 (F)(9)]
geEH

geC

p/2}2/p { /2 }2/p
<E

The Orlicz norm [4], [25] 7y, (Y) of a random variable Y is defined, for a nondecreasing convex function

Pp(z) =€ — 1, as

E{[supSN( )(9)]

74, (Y) = inf{C > 0: E{u,(|Y]/C)} < 1}.

By Hoeffding’s inequality the Rademacher process SY (F)(g) is sub-Gaussian for the semimetric d [25]. Using
the fact that E{X?}!/? < (p/2)!m,,(X) (see e.g. Lemma 7.3.5 in [4] or [25], p. 105, Problem 4) we deduce:

p/2 2/p
EE. {ligpSN( )(9)] } S(p/4)”E7rw2(§g7gISév(F)(g)l)

In addition, since SV (F)(g) is sub-Gaussian, we have for some universal constant C' (see Proof of Corollary 2.2.8
in [25]):

b
B, (sup |52 (F) o) < wa / Viog (11 D(e, H, dy))de
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Combining the above we have:

B{16% - e} < vE |- (2 r2)

b ye2 o 1/2
+(p/4)!CIE/O \/log(l—l—D(e,H,dN))dE) + L +D(f|yC)]

p

Finally, suppose 1 < p < 2. In this case using Jensen’s inequality we have:
~ 2/p ~
E{D(flIg%y?} " < E{D(f[™)}
Thus the above analysis applies if we choose p = 2 and the proof is now complete. [ ]

Corollary 4. Suppose that the assumptions of Theorem 5 hold. Suppose in addition that f € C then we have for
any p > 1:

B{I0% - P} " < Ve | o (22 r2)

(b/a)*]""

Ny

b
—|—(p/4)!CE/O Vlog (1 —I—D(s,H,dN))ds> + 4log(3v/e(b/a))

Proof: The proof follows from the fact that under the additional assumption we have D(f||C) = 0. Furthermore,
we note that under this assumption c?c,c < (b/a)? and v = 4log(3\/e(b/a)) [ |

D. Time-uniform error bounds

In this section we present a result specifying time-uniform error bounds for particle filters performing intermittent
parametric approximation. The result links the properties of Markov transitions M;(x;_1,dz;) and error bounds for
parametric GML approximation (Theorem 5) with the propagation of approximation errors through Feynman-Kac
operators. It is based on the following observations. For an absolutely continuous Markov kernel with density
pi(zilri—1), we can write [4]:

M;(zi—1,dz;) = Pr{X; € do;| X;—1 = xi—1} = pi(zi|xi—1)da; = py, (z;)da;,

where we explicitly assume that the structure of the kernel M; can be captured by a set of parameters ¥; € ©; C R%
(these parameters may include the state-value x;_1). We can further define a class M; of such densities:

M; = {pﬁi(fﬂi) 19, €0; C Rdi} .
Thus if M; is such that py,(z;) € M; and M; C H; then the assumption (M )Sm) is satisfied with m = 1 and
eu(M) = a/b, yielding for any z;_1,y;—1 € F;_1:
a
M;(xi—1,-) > EMi(yifl, )

Furthermore, using the definitions of the one-step Boltzman-Gibbs transformation and the associated Feynman-Kac
operator we see that the distribution at time ¢ is related to the distribution at time ¢ — 1 as follows:

mi = ®i(ni—1) = Vi1 (ni—1)M;

= Mi(xi—1,dx;)V;—1(ni—1)(dxi—1)

E;,_,
Gi—1(xi—1)ni—1(dzi—1)
= Mi Ti— ,dl‘i .
/Ei1 (@i-1 ) Ni—1(Gi-1)

Thus for an absolutely continuous Markov kernel with py, (x;) € M; we can rewrite the previous equation with a
suitable change of measure:
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(dﬂf )

This implies that for an /N-particle approximation nl , we have that € convy(M;) and, as N grows without

bound, we have STi) € conv(M;). Thus the performance of GML approx1mat10n algorithm is determined by the
properties of Markov transition kernel M;(z;_1,dz;) and the class of approximating densities ;. In particular, for
an absolutely continuous Markov kernel with py,(z;) € M, and a sufficiently rich class H;, such that M; C H;
we have asymptotically unbiased approximation:

lc) =o.

> ("
d:cz

The preceding discussion can be summarized in the form of a concise assumption:

e (H)y: The Markov kernels associated with the target dynamics are absolutely continuous and can be expressed
in the form M;(x;_1,dx;) = py,(x;)dz;. The class of densities associated with M; is defined as M; =
{pqgi () : 9, € 0; C ]Rd’?} . For each M; there exists an approximation class H; and strictly positive numbers
ay = inf;>0 a;, by = Sup;>q b; satisfying 0 < a, < b, < oo such that for any ¢ > 0 we have

M; CH;  and hence  M;(zi-1,-) > %Mi(yi—la )
u
The following result describes the analog of Theorem 2 for the case of a parametric approximation particle filter
using the GML algorithm.

Theorem 6. Suppose assumptions (G), a ( )u hold. Suppose further that P{6; = 1} < q, for any i > 0 and
0 < qu < 1. Then for any N,,N > 1, t >0, p>1 and hy € Oscy(E;) we have the time uniform bound
1/p
/p 1/ |: 16 ( 2/
supE — ) (he) [P Pl——1(2c"P(p/2
Sup {I[n" — nel(he) [P} [ i (p/2)

1/2
+C(p/4) 'supE/ Vog (1 + DGz, H,,dN))de> + 8log(3v/e(b/a ))<b]/V“)2] ]

where the constant €, is given by:

6 — 2 — (au/bu)e, (G)
! (au/bu)?e,(G)

Proof: Using the same argument as in Theorem 2 we have

E{|ln —ml(f)P}"”
< oAl S (- don) s {|n - wed ] e}
4 u i=0

Based on the Minkowski inequality we have the decomposition for each individual expectation under the sum
above:

E{|lY - o] ')
<E{]0; [S¥(G") = 6% (ha) + (1 = 8) [V (@:n¥1) = @i (n )] ()

vE{[6 [3% - @ )] '}

1

oy
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Using the same conditioning argument as in Theorem 2 and applying Corollary 4 based on the assumption (H),
to the second term we have:
p}l/p

E {‘52 [@V _ ‘1%’(77@']\11)} (hi)
6% - @] ) |7 v =g )1

- E{E {&-

< ¢/"\/2 {\S/N <202/p(p/2) + (p/4)ICE / " s +D(5,Hi,d]v))ds>
a; 0

01212
+ dlog(ae(b /o) P40

p

Applying conditioning and Lemma 1 and the same conditioning argument as in Theorem 3 to the remaining term
we have:

p 1/10
B{|0 - ] P} < S

+qzl/p( [ (202/” (p/2) + (p/4) 'C’IE/ Viog (1 + D(e, HZ,dN))ds)
1/2
(/o )? } / )
We conclude that since ¢; < ¢, then for any ¢ > 0 we have the time-uniform estimate:

p /p Cl/p
E{Hw*q’i(nﬁl)](mﬂ }1 . \/]%9)

bi
+a/"V2 [a\S/N (2c2/rv(p/2) + (p/4)\CsupE /0 Viog (1 + D(eaHi»dNDdS)

(ba/ay)? ]1/2
NP

+ 4log(3ve(bi/as))

+ 4log(3v/e(by/ay))—4——

This along with a variation of (19) for m = 1 and the fact that according to assumption (H)y, €y(M) > ay/by,
completes the proof of theorem. [ ]

The above theorem provides an error bound for the parametric approximation particle filter (using the GML
algorithm to perform approximation) that is similar in structure to that specified for the subsampling approximation
particle filter. The error bound consists of two distinct contributions, one corresponding to the normal operation of
the filter and the other capturing the impact of the parametric approximation operation. The theorem establishes
a sufficiency requirement on the sequence of approximating classes H; leading to unbiased approximation of
distribution flows. The requirement is that the Markov transition kernel must have an associated bounded density
and this density must be a member of the class H;. This condition is reminiscent of the modeling assumptions
that underpin Gaussian sum particle filtering (see e.g. [12]), where the premise is that the filtering density can
asymptotically be represented as an infinite sum of Gaussians.

VI. NUMERICAL EXPERIMENTS

In this section we present the results of numerical experiments exploring the performance of the leader node
particle filter. The experiments provide an example of how the subsampling and parametric approximation particle
filters can be applied in a practical tracking problem. They provide an opportunity to compare the performance
of the two algorithms and to examine whether practical behaviour is similar to that predicted by the theoretical
analysis.

We adopt the following information acquisition and target movement models. The state of the target is two-
dimensional with dynamics [11]

X = Xy—1 + ro([cos ¢y; sin¢y]) + uy.
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Here 7y is a constant (we set ro = 0.02) and ¢, u; are independent and uniformly distributed u; ~ UJ[0, 1],
ot ~ U[—m,m]. K; = 20 leader nodes and K, = 200 satellite nodes are distributed uniformly in the unit square.
A satellite sensor node j with coordinates s; = [sLj, SQJ} can transmit its measurement to any active leader node
within the connectivity radius r.. The connectivity radius is set to 7. = y/2log(Ks)/Ks (note that if every node
can be a leader node, K; = K, the resultant network topology is a random geometric graph). We assume that any
active leader node can transmit an approximation of its posterior representation to any other potential leader node.

The measurement equation of every satellite sensor is the binary detector [2] capable of detecting a target within
radius rgq with probability py and false alarm rate p;:

pa if X, €X]

P{Y/ = 11X} = : ,
7 = 1%} {Wlf&¢ﬁ

where the detection region XC{ of satellite sensor j is defined as Xg = {z : ||z — sj|]2 < rq}. To perform sensor
selection step we use the mutual information (MI) criterion [20]:
S Se,.
lipr = arg max [(Xpe1, V5" o) (28)
€t+1 el

S . . . S .
Here ;" denotes the entire history of measurements, and the random variable Y, _:{“ denotes the (potential) set

of measurements at time ¢ + 1 by the set of satellite sensor nodes (Sy,,,) of a candidate leader node ¢;,1. The
calculation of the mutual information in the multiple sensor framework is generally a computationally demanding
exercise. In the binary sensor framework, the calculations can be simplified using an efficient approximation (see
Appendix D for details).

Williams et al. pointed out in [27] that the application of the one-step mutual information criterion for sensor
selection can result in undesirable leader node bouncing (frequent, unnecessary hand-off). To prevent this, Williams
et al. proposed a computationally demanding finite-time horizon dynamic program [27]. In our simulations we use a
simpler randomized algorithm to control the leader node exchange rate. In this algorithm the current leader node flips
a biased coin with the probability of the flip outcome being 1 equal to \. If the outcome is 1 then the current leader
node calculates the mutual information criterion. It then determines if the current particle representation should be
transferred to a new leader node that is more likely to make informative measurements. If the outcome is 0, then no
calculations are performed. With this approach, the computational load for each leader node is significantly reduced
and the communication overhead can be regulated by the choice of A. However, the value of A should be tailored
depending on the application (as the mobility of the target increases, leader node hand-offs must be considered
more frequently). In our experiments we fix A = 1/5.

We consider two leader node particle filtering algorithms, with one employing non-parametric approximation
(subsampling) and the other using parametric approximation. To create a subsample for transmission in the non-
parametric framework we use the general residual resampling scheme [8]. The parametric leader node particle filter
is implemented using the GML algorithm with N, components. Each component consists of a two-dimensional
Gaussian density with diagonal covariance matrix. The mean vector and covariance matrix are estimated using the
particle representation available at the current leader node. To implement the GML algorithm we used the standard
MATLAB nonlinear optimization routine fmincon (see Appendix C for details of the implementation).

In the following we report the simulation results obtained using the set-up discussed above. All results are
achieved using 5000 Monte Carlo trials, and in each trial a new trajectory of the target is generated.

We first demonstrate that the discussed sensor selection procedure (leader node exchange rule) has good
information fusion properties. Fig. 2 depicts the performance in terms of Root Mean Squared Error (RMSE)
between the true position of the target and its estimate using different information diffusion schemes. The first
scheme denoted by 57 corresponds to the situation when the leader node is selected at the initialization and is fixed
throughout the tracking exercise. The second and third schemes denoted by + and [ respectively correspond to
non-parametric leader node algorithms using N, = 10 and N, = 300 particles for communications respectively.
The fourth scheme denoted by o corresponds to the centralized scenario when all the measurements available from
every sensor at every time step ¢ are used to track the target. Note that the baseline particle filter uses N = 300
particles* in all scenarios (so the N, = 300 case corresponds to no subsampling). We can see from Fig. 2 that

“This value was selected after experimentation with multiple values of N because it provides sufficient accuracy without inducing
unnecessary computational overhead. The primary purpose of the simulations is to examine the impact of the approximation steps.
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Fig. 2. Performance (RMSE) of different fusion schemes versus time: 57 denotes the scheme with fixed leader node selected at initialization;
+ denotes the scheme with leader node selected using approximate Mutual Information (MI) criterion and non-parametric (subsampling)
approximation with Ny = 10; [0 denotes the scheme with leader node selected using approximate MI criterion but no subsampling
approximation (N, = 300); and o denotes the centralized scheme using the entire set of measurements from all sensors at every step.

the centralized scheme has the best performance in terms of RMSE. However, it is only marginally better than
the leader node scenario without compression (N = N, = 300). This highlights the effectiveness of the leader
node particle filtering method and confirms that leader node selection based on the approximate mutual information
is a valid approach. Compared to the centralized scheme, the communication and power consumption costs are
significantly decreased since only a small subset of nodes is activated at any particular time step.

The leader node particle filter that uses a very small number of transmitted particles (N, = 10) performs
comparably well. This suggests that there are practical scenarios where a particle filter can incorporate aggressive
approximation to reduce communication overhead without incurring a significant penalty in tracking accuracy. The
fixed leader node approach performs poorly, because the activated sensors only provide useful information when
the target is nearby. As the target moves further away, the particle cloud approximating the filtering distribution
becomes very diffuse, and tracking accuracy is 4 times worse than that of any of the other schemes.

In the next set of results, we explore the approximation error, i.e. the error induced by both sampling and the
additional parametric/subsampling approximations. The RMSE combines both approximation error and estimation
error resulting from the inaccuracy and/or ambiguity of the measurement information. We can estimate a Root
Mean Squared Approximation Error (RMSAE) by calculating the error between a candidate particle filter and an
“ideal” reference particle filter. As our reference filter, we employ a particle filter that uses N = 3000 particles,
with no approximation during hand-off. For each of the 5000 Monte Carlo trials, we apply this reference filter to
generation location estimates. The approximation error for our test filters is measured relative to these estimates
rather than the true locations.

Figure 3(a) depicts how the tracking performance is affected as the number of particles in the subsampling
step (IVp) changes; Figure 3(b) provides similar results for the parametric approximation method as the number of
components in the mixture model (V) is varied. The performance is measured in terms of the RMSAE increase
relative to a leader node particle filter that performs no approximation, i.e. uses N, = N = 300 particles during
hand-off.

Fig. 3 indicates that the performance of the leader node particle filter has interesting dynamic structure. In
particular, in the time period ¢ € [1,50] we can see an articulated transient behaviour (see Fig. 3(a), N, = 10 in
particular). The transient in these curves arises because the particle representation of the target location density is
initially highly dispersed and multi-modal, making it relatively difficult to approximate using either a subsampling
or parametric method with a small number of particles/mixture components. However, as time progresses (¢t €
[51,100]) the particle representation of the target becomes more localized and closer to uni-modal, so approximation
performance improves significantly. Qualitatively, the performance deteriorates gracefully with respect to the extent
of the compression during hand-off (reduction in number of particles or components), as theoretically predicted in



28

v Np=2

2.6f

2.4¢ 1.4F + sz 5 |

2.2 o Np =10
1.3f 1

N
T

=
N
:

4

1

P
[e2]
T

Performance deterioration
-
[ee]
Performance deterioration

," \'F- ;-}-”“ ‘Ij""+'4"“\ *,5_ 1 11r ' o
raf ! NI VR
f - 1' !,)“1' |-‘_-|I\"i‘+"‘
1.2y N » i ‘I' vy L_‘|"
,‘9/‘\ N \:Jb“ﬁoxwo,-\o“ - B
. AR o -0 . ’ O -
]8 ) 0.9 1
20 40 60 80 100 20 40 60 80 100
t t
(a) Non-parametric leader node particle filter (b) Parametric leader node particle filter

Fig. 3. Deterioration of performance as a function of (a) varying number of transmitted particles for the subsampling approximation leader
node particle filter; and (b) varying number of transmitted mixture components for the parametric approximation leader node particle filter.
The performance deterioration is measured as the ratio of the Root Mean Squared Approximation Error (RMSAE) of the candidate particle
filtering algorithm with intermittent approximation (subsampling or parametric) to that of a leader node particle filter that performs no
approximation (N, = 300). See Section VI for a definition of the RMSAE.

the previous sections.

For the final performance analysis, we define a compression factor as the ratio of the number of particles used
during regular particle filter computations to the number of values transmitted during the hand-off. For the subsample
approximation case, this is simply N/Ny. In our case of a Gaussian mixture, variance information is transmitted
in addition to the locations of the Gaussians and the mixture weights, so the factor is 2N/5N,. Figure 4 presents
a box-plot depicting performance deterioration (ratio of approximation error of the leader node with N, < N and
the leader node with N, = N) versus the compression factor. Both the median and the maximal deviations of
the performance deterioration scale smoothly with changing compression factor. Parametric approximation clearly
outperforms subsampling.

For the subsampling case, Theorem 2 and Corollary 3 provide an analytical bound on the expected approximation
error. The curve based on these results is depicted in Figure 4(a) and provides a meaningful characterization of the
expected performance deterioration. Indeed, the theoretical prediction based on the factor (g, x + (1 — Qu))l/ ? from
Corollary 3 closely coincides with the maximal performance deterioration observed for each compression factor.
For comparison purposes, we include a similar characterization derived based on a simple worst-case assumption
that the subsample approximation particle filter performs only as well as a particle filter that uses [V}, particles at
all times. The characterization based on the bounds developed in this chapter clearly provides a better indication
of the performance deterioration.

VII. RELATED WORK

The analysis of approximation error propagation and stability of non-linear Markov filters has been an active
research area for several decades. In [13] Kunita studied the asymptotic behaviour of the error and stability of the
filter that has an ergodic signal transition semigroup with respect to the initial distribution. Ocone and Pardoux [21]
addressed the stability of linear filters with respect to a non-Gaussian initial condition and examined the stability
of non-linear filters in the case where the signal diffusion is convergent. The important conclusion drawn by Ocone
and Pardoux based on results in [13], [21] is that if the signal diffusion is stable with respect to its initial condition
then the optimal filter inherits this property and it is also stable with respect to the initial condition.

Although interesting, the results in [13], [21] address the optimal filtering scenario, and more relevant to our
study is the analysis of approximately optimal filters (especially particle filters). Important results concerning the
stability of particle filters have been developed over the past decade [3]-[6], [8], [15]-[17], [26].

The Feynman-Kac semigroup approach to the stability analysis of particle filters has been described and developed
by Del Moral, Miclo and Guionnet in [4]-[6]. The authors study the stability properties of general non-linear
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Fig. 4. Box-plots showing the relationship between deterioration of approximation performance and compression factor. The performance
deterioration is measured as the ratio of the Root Mean Squared Approximation Error (RMSAE) of the candidate particle filtering algorithm
with intermittent approximation (subsampling or parametric) to that of a leader node particle filter that performs no approximation (Ny, = 300).
The compression factor, defined in Section VI, is the ratio of N to the number of values transmitted during leader node exchange (/V, or
2.5N,). The boxes show lower quartile, median and upper quartile of the 5000 Monte Carlo trials. Whiskers depict 1.5 times the interquartile
range and capture most of the extreme values, and the + values denote outliers extending beyond the whiskers.

Feynman-Kac semigroups under a variety of assumptions. The Dobrushin contraction coefficient of the underlying
Markov chain plays a central role in the analysis. In [6], Del Moral and Miclo formulate the conditions for the
exponential asymptotic stability of the Feynman-Kac semigroup and bound the Lyapunov constant and Dobrushin
coefficient. One of the applications of these results is a time-uniform upper bound on the error of interacting
particle systems. In [4], Del Moral provides an extensive analysis of the properties of Feynman-Kac semigroups.
His analysis forms the basis for our study in this paper, particularly in the case of the subsampling approximation
particle filter.

Stability analysis for particle filters is frequently built on relatively strong assumptions about the mixing and
ergodicity properties of the underlying Markov transitions of the signal (target state). Our analysis in this paper
is no exception, with the regularity conditions (M )l(lm) and (H), underpinning our results. There have been some
efforts to relax these types of assumptions. In [16], [17], Le Gland and Oudjane study the stability and convergence
rates for particle filters using the Hilbert projective metric. In [16], they relax the signal mixing assumptions by
employing a specific, “robust” particle filter architecture with truncated likelihood functions. In [17], the mixing
assumption is applied not to the Markov kernel governing signal diffusion, but to the non-negative kernel that
governs the evolution of the particle filter. This kernel combines the effects of the Markov transitions and the
likelihood potentials, so mixing behaviour can arise from either of these two components.

The papers cited thus far addressed the analysis of particle filters with fixed population size (number of particles).
In the subsampling approximation particle filter analyzed in this paper, the number of particles varies over time.
Crisan et al. examine the stability of branching and interacting particle systems in [3]; in these systems the population
size also varies, because at each time step a particle generates a random number of offspring. The population size
forms a positive integer-valued martngale with respect to the filtration and the properties of the resulting particle
filter depend on the initial number of particles. The variation in the number of particles is clearly very different
from that of the subsampling approximation particle filter, so the results are not directly applicable.

Thus far we have discussed previous work that has addressed particle filter stability when the error arises due
to the sampling approximation. The sampling error is dependent on the resampling schemes, and Douc et al. have
provided theoretical results that allow various resampling schemes to be compared [8]. Other work has considered
additional sources of error. Vaswani et al. analyzed the performance of a particle filter in the case of signal model
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mismatch (when the true underlying Markov transitions differ from the model used to update the filter) [26]. They
showed, using the same assumptions as in [17], that the particle filter is stable if the mismatch persists for only a
finite interval of time.

Le Gland et al. propose and analyze the kernel-based regularized particle filter in [15], [17], and this work is the
most closely related to our study of the parametric approximation particle filter. From an algorithmic standpoint,
there are also similarities with the Gaussian sum particle filter [12], but the theoretical analysis of this filter is
less developed. The regularized particle filters described in [15], [17] incorporate a step in which the N-sample
pointwise density approximation is replaced by a continuous density approximation, using a kernel-based density
estimation approach. During resampling, /N particles are generated by sampling from this continuous density. The
practical benefit of this approach is the increase in the diversity of the particle system, eliminating the potential for
degeneracy and improving the stability of the algorithm. Le Gland et al. provide uniform convergence results for
the regularized particle filters. Although there is some similarity to the parametric approximation particle filter we
analyze, the purpose of the approximation is very different. It is not performed intermittently to reduce computation
or communication cost, but rather is performed every time step with a complex model (N components).

There has been some work addressing the analysis of the leader node particle filter [11]. Although simulation
(and to some extent, experimental) results indicate that instability effects are rarely observed in the leader node
particle filtering, prior to our work, the theoretical bounds on estimation error for leader node particle filtering using
intermittent parametric approximation grow exponentially over time [11]. The analysis in [11] used maximum log-
error to model the approximation error propagation. Because the analysis does not take into account the structure
of the dynamic system (and indeed imposes no assumptions on its mixing properties and regularity), the resulting
bounds diverge.

VIII. CONCLUDING REMARKS

We have presented the analysis of particle filters that perform intermittent approximation. Our main results have
the form of upper bounds on the expected L, error of particle filters that occasionally employ either subsampling or
parametric approximations of the filtering distribution. Such approximation steps become necessary when particle
filters are deployed on resource-constrained platforms, where the resource can be energy, memory or computational
power. The important conclusion of our analysis is that these approximation steps do not induce instability, and
moreover, the frequency of the approximation steps significantly affects the extent of performance degradation. If
the approximation steps are rare, then the compression can be very high (very few subsamples or very few mixture
components) and the error remains reasonable. Numerical experiments indicate that the bound for the subsample
approximation particle filter provides a meaningful characterization of practical performance.
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Fig. 5. Comparison of bounds in Lemma 4 and Lemma 1 for the L, error of the /N-sample mean estimator of the uniform random variable
distributed over the interval [0, 10]. Sample size, N = 1000.

APPENDIX A
THE COMPARISON OF LOCAL APPROXIMATION ERROR BOUNDS

The following local error analysis result from [4] is presented here without a proof.

Lemma 4 (Del Moral [4], Lemma 7.3.3). For any p > 1 and sequence of E-measurable functions (h;);>1 with
finite oscillations such that p;(h;) = 0 for all i > 1 we have

VNE{|m(X)(h)?|}» < d(p)ro(h)

where the following definitions are used

N N
_1 (o 2 = L 201,
m(z)(h) = N;h,(x) and o?(h) = N;osc (hi)
and finite constants d(p) are given by the following:
_ @'
d(2p) = 72 P,
2p — 1!
d2p—1) = — =D o)

(p—Dl/p—1/2
It is relatively straightforward to see why the sequence of constants c(p) provides tighter bounds in Lemma 1
than the sequence d(p) in Lemma 4. For example, for the even p = 2n the ratio of the two sequences is

d2n)  (2n)l27"
c(2n)  n!(2n)T(n)2—n
~ (@2n-1)! T(2n)
nn—-1DIT(n)  nl(n)l(n)
- nB(il,n)' @9)

Here B is the beta function. B(n, n) is a quickly decaying function. In particular, for large n Stirling’s approximation
gives a simple expression for beta function, B(n,n) ~ omn~1/2972n+1/2 " yielding the large n Stirling’s
approximation for (29):

d(2n) 1 92n—1/2
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This shows that c¢(p) grows much slower with p than d(p). This improved nature of constants c(p) results in
better estimates of moment generating function in Theorem 1 and Corollary 1, and better exponential inequality
in Theorem 3. The comparison of the bound in Lemma 4 with the bound in Lemma 1 is provided in Fig. 5 for
the L, error of the N-sample mean estimator in the case of uniform random variable distributed over the interval
[0, s]. We verify that in this case the function that we are analyzing is:

B(IIP - S¥(PI)PY = E{ I

|
:E{ NZ(%—M)

We conclude that our test function has the following form in this setting: h(z;) = x; — p and oscillations of this
function can be estimated straightforwardly:

= Zsupﬂhi(xi) — hi(yi)ls zi,yi € Ei}?

N
1
=¥ > " sup{|a; — 1 — i + pli i, i € [0, 5]}
=1

N
1
-N ZSUp{m — yils i, y; € [0, 8]}
i=1

1N
2 2
——g s°=s
NZ,:1

Hence we have in this case o(h) = s and the bound from Lemma 1 takes the form: E{|[P — SN(P)](h)V’}% <
c(p)l/pﬁ. On the other hand, applying Lemma 4 gives: E{|[P — SN(P)](h)|p}% < d(p)l/p\/s—ﬁ. Fig. 5 depicts
the two bounds plotted for different values of p and compares it with the actual errors observed during simulations.
We used the following settings to obtain this plot: N = 1000, s = 10.

APPENDIX B
THE ESTIMATES OF THE MOMENT GENERATING FUNCTION

In this appendix we show how the impact of improved constants in Lemma 1 can be used to improve the estimate
of the moment generating function in Theorem 7.3.1 [4]. We now state the Theorem 7.3.1.

Theorem 7 (Del Moral [4], Theorem 7.3.1). For any sequence of E-measurable functions (h;)i>1 such that pi;(h;) =
0 for all i > 1 we have for any ¢

o(h) <oo=E {eeﬁ\m(xxh)\} < (14 co(h)) e2o"®

We note that the simplified estimate of MGF in Corollary 1 is much tighter than the bound in Theorem 7
for asymptotically large deviations € while the more complex bound in Theorem 1 outperforms the one in the
Theorem 7 uniformly over the range of €. The comparison of the bounds obtained in Theorem 7 and Theorem 1
with the empirical estimate is provided in Fig. 6. The test setup is the same as in Appendix A The parameters of
the simulation can be summarized as follows: scale parameter, s = 10, number of iid samples, N = 100, averaging
is performed over M = 10000 trials, € ranges from 0 to 1. Similar results are obtained in other settings.
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Fig. 6. Comparison of bounds in Theorem 7 and Theorem 1 for the moment generating function of N-sample mean estimator of the
uniform random variable distributed over the interval [0, 10]. Sample size, N = 100.

APPENDIX C
GML IMPLEMENTATION DETAILS (OBJECTIVE FUNCTION AND ITS DERIVATIVES)

In this section we present the derivatives of the objective function of the GML algorithm. As was mentioned
earlier, the injection of this information into the numerical optimization routine results in a significant (two times)
acceleration of the GML speed. Assuming that {£ (G )}?’:1 is the current particle set, ¢9, comes from the class of
two-dimensional Gaussian densities with diagonal covariance matrix

. (£ -01.)" (5 ras)?

QZb (é’(] ) [ —t 203 ; 203 ;

2mo9 014

and ¢th-step GML objective is written as follows (according to Algorithm 1)
N .
— > loglaidy, (€9)) + (1 — ai)gi1(69))]
=1
we can calculate the following set of the first- and second-order derivatives necessary to construct gradient and

Hessian for the non-linear optimization routine at iteration ¢. The acceleration is achieved by evaluating the expensive
exponential terms

(5(7‘)7#1 7)2 4 (55‘”7#2,7‘,)2
Vig=e 7 ¥ieoo, 1<j<N

only once per GML iteration and vectorizing the code with respect to the terms of the type (59 ) _ 1) and
, 2
((59) - Hl,z‘) - Ui)

-y (59) - Mu)
a7, (ai +(1- ai)27ral7iag,ivg7jgi,1(g(j)))

* -

(i + (1 — ;)27 ,02, Vi jgio1 (€0)))
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, 2
N -y (5%” - Ml,i) - o2,
0J; _ Z ,
o1, = o} (i + (1 — @i)2m01,09,: Vi jgi-1(6VD)))
N —o (g(j)_'u2 4)2_0_2'
0J; B v 2 )2 2,
9oz, = o3 ; (i + (1 — @i)2m01,09,: Vi jgi-1(6EVD)))
() () 2
RT: iv: a; | o + 2V jmgi—1(§Y9)(1 — o) (51 - Hu) — o, ) oo,
i j=1 o3 ; (i + (1 — 0;)2m01 09,3V jgi-1(€0)))
9*J; N 2V mgi-1(E9)(1 - ai)ay (éj) - Ml,i) (féj) - N2,i)
On 10z o o102 (i + (1 - Oéi)27T01,i02,z'Vz‘,jgz‘—1(€(j)))2

i Vi mgio1(€9) (A=) ( (67 —pa s 2—3Uf,i 02,
N 204 (69) - Mu) <C¥i + (( ) )

82‘.72' 01,i
Op1ido1i jgl o} i (i + (1 - ai)2770'1,i02,iv2,jgi71(f(j)))Q

. . 2
827 N 2Vimgi-1(€9)(1 — ai)e ( Y — z) <(§§]) - Mz,z) - 0§,i>

) . 2
6M1,280'2,1 =1 Ulzigg,i (Oéi —+ (1 — ai)zﬂ-o-l,iO'Q,ini,jgifl(5(3)))

. . 2
g2y N % <0é102,7; + 2V mgim1 (€9 (1 — ay)on 4 <<f¥) - Mz,z’) - 0571-))

2 NN
o ; = o3 ; (i + (1 = ))2m01,02,Vi jgi-1(EW))

(]

. , , 2
827 N 2V mgio1(€9)(1 — i)y (59 - MZ,@') <<§§]) - M1,z) - Uii>

. T N
Opzidori 0% ;02 (i + (1 = 1)2m01,02,Vi jgi—1(EW))
i Vi j7gi-1 (D) (A—a)or i ( (67 —pai) =303,
2 N 2q; (féj) - Hz,i) a; + > (( ) )
T =2
Op2i002: o3 (i + (1 - @;)2101,09,iVi j9i-1(€D))?

ra - 2, gmgi-1 (€)1 - o (6 = ) =, ) (68 - i) = o3,

2 2
doi; = aiiaii (i + (1 — a;)2m01 309, V; jgi—1(ED))

92 N 20 (55” — M2,i> (Oéio'z,i + Vimgim1(€9) (1 — ay)o (52 — M21> 3021)>

001,002, j=1 0'372‘ (az (1- az)27r01 i02,iVi jgi— 1(6(] ))
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027 N 2V mgim1(€9) (1 — ap)ey (éj) - /‘U) ((féj) N ,u27¢>2 — 03 )
80'2 ) = Z

02,
.2 .
j=1 01,i03; (az +

) 2
(1 — oy)2m01,402,3V; jgi-1(£0)))
Gradient and Hessian calculated using the above formulae can be inserted into any standard non-linear
optimization routine to boost its performance. Note that as we mentioned above, for more efficient operation

the exponential terms should be evaluated only once for every iteration of the non-linear optimization routine —
during the evaluation of the objective function

APPENDIX D
APPROXIMATE CALCULATION OF THE LEADER-NODE SELECTION CRITERION

In this section we show how to calculate the information based leader-node selection criterion based on the

definition (28). We first note that from the relationship between the mutual information and conditional entropy,
I(X,)Y|Z=2)=H(Y|Z=2)—H(Y|X,Z = z) we have
S t4+1 S 1:t t4+1 S 1:t t41
I( X4, t-:1+ Y ) = H( t—i—ll+ Y ) — H( t+21+ ’Xt+173/1t ) (30)
Second, recalling our assumption of the conditional independence of the measurements we can see

St 1 Sl-g j Sl:t
HY 5 X, gng) = Y HOYY [ X1, 40 ™)

(31)
jESzH_l

Using the definition of the conditional entropy (where yfi“ is the sequence of measurements that has already been
realized [27])

H( S[t+1

t+1 ‘Xt—i-l?ylt )__ Z

Sg . ] S@ ot ]
log p(yl 1 |Te+1, 1 )Pt Y1 lyr ) Ao adyl
jESzt_H

—Z/

Se ] Sery Sy ]
108 DY 1 |Zt415 Y1 )P q [T ea 1, Yrg ™ ) (@1 Y1 ) A1 dy)
jESzH_l

Sty . o .
Since the true predictive density p(z¢41|y;,,*) is unknown we have to use its Monte-Carlo approximation consisting
of the set of diffused (predictive) particles {gtil}f\il. This results in the following efficient approximation of the
above integral:

S’t 1 j
H(Y, {7 [ Xt ylt ‘)= Z Z/logp yt+1|ft+1) (yt+1|£t+1)dyi+1

JESZHJ

According to our sensor model, the likelihood function can be represented as follows

Yl A —yl Ayl (1-A))
(Z/t+1|§t+1) =Dq (1 —pa)'¥iss) T (1

_pf)(l—yi;l)(l—ﬁi)

; (32)
where A =14 cxi- Straightforward calculation gives
t+1
S t+1 ]
H(Y 1 | Xpg1, o) = — Y " ¢ (palogpa+ (1 - pa)log(1 — pa))

jes@t+1

Here ¢/

+ (1 —¢)(pslogps + (1 — py)log(1 — py))

N el A7 is the average number of particles in the detection region of sensor j. Thus we have
constructed an efficient Monte-Carlo approximation to the second summand in the expression for the mutual

information between the predicted state X;;; and the measurements arising in the neighborhood of the leader
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Se 01 . . . .
node ;1. The first summand, H (Y, ;"' |yit1-‘) is much more difficult to approximate directly using Monte-Carlo

technique. One form of decomposing this term [27]

|Sét+1|
Seiir) Ser, i 155-1  Sey,
HY, 7 g = ) HYZ Y o) (33)
j=1

implies that for a general measurement model the evaluation complexity grows exponentially in the size of the
neighborhood |Sy,,,|. This is because the sequence of measurements thfl is unknown and averaging over all
possible cases is required. Our experiments revealed that approximating this term using Monte-Carlo sampling
of possible measurements is also inefficient. However, for sensors with uninformative (noisy) measurements the

following approximation can be used

I‘Sft+1‘
Sy, Seqs i Syt
H(Ytﬂ+1 ?/1:11' )= Z H(Yt]Jr1|y1:§tl' )
7=1

The intuition behind this approximation can be explained as follows. We can represent each term in the
decomposition in the following way:

i 1j—1  Sey., i 1j—1  Sey.,
H(Ks]+1m+]1 7913’ ): —/log [/P(y§+1|$t+1>17(9€t+1’yt4}71 73/1;3 )d$t+1]

1:9 Syt 1:
( [ ttiansptaalil >dxt+l> ayl?,

If measurements Ytﬁ_l are uninformative with respect to the current predictive density p(z;41 |yf‘;“) their incor-
poration will not significantly affect the density and the following will hold p(th\yi?”) ~ p(xp4q ]ytljl_ ' yi@“ ).
In our particular setting a measurement Ytj+1 is uninformative (according to the likelihood model (32)) if all the
particles are either simultaneously inside or outside the detection region X of sensor j. This implies that A7 is same
for all 7 and, consequently, the updated weight of every particle does not depend on the realization of measurement
Y;]H. Such a measurement can be excluded from mutual information calculation without affecting the accuracy
of calculation. We observed in our simulations that when the particle representation of predictive density becomes
localized most of the sensors in the neighbourhoods of leader-nodes become uninformative and we introduced the
approximation p(th]yiét”) ~ p($t+1|y§fl_ " yi?t) into the calculation of the mutual information. This resulted

in a significant simplification (dimensionality reduction) of calculations:

j Lj—1  Seyy ~ j Sty
HOG VM 5 ) ~ - / log [ / P74 )p(es 55 >dmt+1}
1:7 Seqy 1:7
</P(?Jt+]1’$t+1)17(95t+1‘y13' )dxt+1> dyt—{-jl
7 Szlzt
=~ [1ox| [ st alerptarnlyl o

, S )
</P(yi+1’mt+1)17(35t+1‘y1:§f' )d$t+1> dy§+1~

Furthermore, using Monte-Carlo representation of predictive density we can approximate the inner integral:

- St e ol L gt i
/p(yiﬂlxtﬂ)p(xtﬂ\ylé‘ Jdaeir & ¢ py (1= pa)' 7Y+ (1= ¢/ )py ™ (1= py)'~¥in

Finally, calculating the outer integral we obtain:

. i S, L . . . .
HY YA ) = —(@Ppa+ (1 — ¢)py) log(¢pa + (1 — ¢/ )py)

— (1 =pa) + (1= ¢/)(1 = ps))log(¢’ (1 — pa) + (1 — ¢)(1 — py))
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Thus according to (30), (31) and (33) we have the following approximate expression for the calculation of mutual
information:

|S@f,+1|
St, 1 S,l_t ] 1:j-1 S 1:t ] S 1:t
I(Xes1, Y1 yng) = Z HY/ YA ) — HY [ X, v )
j=1
~ Y —(@pa+ (1= ¢)pg)log(apa + (1 - ¢')py)
jESetJrl

— (@ (1 =pa) + (1 = /)1 = pg))log(¢’ (1 — pa) + (1 = ¢) (1 — py))
+ ¢/ (palogpa + (1 — pa) log(1 — pq))
+ (1 —¢")(pslogps + (1 — py)log(1 — py))

Note that this is an extremely fast approximation since its complexity is proportional to N|Sy,, | operations as
opposed to the exponential complexity of exact calculation, which is proportional to N 2t
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TABLE 1
GREEK AND OPERATOR NOTATION

Symbol Definition
[l supremum norm of function h ||h|| = sup ¢ |h(x)]
[+ l|ose [|h]|ose = ||P]| + osc(h) (see Table II for definition of osc(-))
- Il IP() = Qv = sup{|P(4) — Q(A)| : A € F}
(Pit) Dobrushin contraction coefficient
B(Pi,e) = sup{||Ps,¢ (x4, ) — Pit(ys, )|lovs i, ys € Es}
X Positive integer indicating ratio of N to Ny
Ot binary variable indicating whether approximation occurs at time ¢

t

Constants for regularity conditions

Rademacher sequence of independent binary random variables
unnormalized prediction Feynman-Kac model

For measure p in P(E) and function h,

(h) = [ hlw)u(dz)

Density associated with distribution v € P(E;) and o-finite measure
A on measurable space (E;, &;)

normalized prediction Feynman-Kac model

Orlicz norm of a random variable Y

for non-decreasing convex function ¢, (z) = e’ —1
Feynman-Kac update-operator 1 = ®¢(1:—1)

semigroups associated with the normalized

Feynman-Kac distribution flows, ®;; = ;o Ps_10...0 P41
Boltzmann-Gibbs transformation ¥;(v)(dz;) = ﬁGt (x)v(dzs)
Measure of oscillations for sequence of functions hg

N
o*(h) & % ;;21 osc?(hx)
parameter space

parameters of mixture approximation
k-th particle at time ¢
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TABLE II
NOTATION
Symbol Definition
By(E) Banach space of bounded functions
c(p) Constants (c(p) = 1 if p = 1; and ¢(p) = 277/?pI[p/2] if p > 1)
Cn, class of discrete N ,-component convex
combinations of densities from H
D(fllg) Kulback-Leibler divergence for densities f and g
D(fl[C) inf,ec D(f1]9)
D(e, H,dn) packing number - maximum number of e-separated
points in H using the empirical semimetric dn
d% (h1, h2) empirical semi-metric for hy, ho € H
d(h1,ha) = 5 0L, (b (i) — ha(zi))®
(B, &), teN sequence of measurable spaces through which the target transitions
GMe N, component distribution associated with gNI’
g™ N, component mixture density
g empirical /Np-mixture density estimate constructed from
N samples from a target density
Gy : Ey — [0,00) bounded, non-negative potential functions characterizing Y;
(G)u time-uniform regularity condition for likelihood potentials
H class of bounded parametric densities
Myt Markov chain transitions of X; from FE; into E;qq
Mt = Miy1... M composite integral operator from (E;, &;) to (Ex, &)
M(-,-) Markov transition kernel
(M)§™ time-uniform regularity condition on the Markov functions
m(X) =% Zszl dxk  the N-empirical measure
m(X)(h) Application of empirical measure to a sequence of functions hy:
N
m(X)(h) = kz hi (Xk)
=1
N number of particles in standard particle filter
Ny number of particles in subsampled particle filter
N, number of components in mixture approximation
osc(h) sup(|h(z) — h(y)]; @,y € E)
Osci1(E) convex set of £-measurable test functions with finite oscillations
({h :osc(h) <1})
N
SN Sampling operator SV (n)(h) = kz1 h(g*)
SN (1) generator of the signed Rademacher measure for distribution p
X dz x 1 target state vector at time ¢t (Markov chain)
X, =X [0:¢] the historical path process associated with X
Y: dy x 1 observation vector at time ¢
Yi = Y1y the history of observations from time 1 to ¢
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