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ABSTRACT

We study the errors in particle filtering with incorrect system model
parameters. The total error in approximating the posterior distri-
bution of the actual process (state) given noisy observations, can
be split into modeling error and particle filtering error in track-
ing with the incorrect model. We show that the bound on both
errors is a monotonically increasing function of the error in the
system model per time step. The bound on the particle filtering er-
ror blows up very quickly since it has increasing derivatives of all
orders. We apply this result to bounding the errors in approximat-
ing our statistic for slow change detection in nonlinear systems.

1. INTRODUCTION

Given noisy observations, {Y:}, of some function, {h:}, of the
state, { X}, the non-linear filtering problem is (i) to evaluate the
posterior probability distribution, 7, of X; given observations
Yo:+ and (ii) for any given function, ¢, of the state, evaluate its
expectation under 7; (posterior expectation). For most non-linear
systems, exact filters do not exist and hence one resorts to approx-
imate filtering methods like particle filtering [1] (which is a se-
quential Monte-Carlo method). Finite number of particles, N, in
particle filtering (PF) introduce PF error which has been shown to
converge to zero as N — oo [1]. Also, often the correct system
model (state transition kernel) is not known. If the system model
error lasts for a finite time and assumptions for asymptotic stability
[2] are satisfied, the asymptotic (¢ — o0) contribution of that error
to the total error in the posterior can be shown to go to zero. We
use bounds on these errors from [2] and show here that the bounds
are an increasing function of the magnitude of the system model
error per time step (quantified by a “distance metric” between the
correct and incorrect state transition kernel).

We then apply this result to the slow change detection prob-
lem in non-linear systems with unknown change parameters [3].
The change detection statistic in [3] is a posterior expectation of a
function of the state. Model error occurs due to the change. The
“distance metric” now quantifies the rate of change (change mag-
nitude per time step). In this case our result implies that the error
in approximating the statistic for the changed system using a PF
optimal for the original system, is smaller for slower changes.

Some other examples of PF under model error are: PF when
the model parameters are learnt from insufficient training data; PF
for tracking changing systems where change system parameters
are learnt on the fly [4, 5]; PF of systems operating in multiple dis-
crete modes (each with a different system model) [6].

Related Work: There has been a lot of recent research on sta-
bility of the optimal nonlinear filter. Asymptotic stability results
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w.r.t. initial condition were first proven in [7]. The Hilbert projec-
tive metric has been used to prove stability w.r.t. the initial condi-
tion and also w.r.t the model when the transition kernel is mixing
[8]. We use in this paper results from [2] in which the authors
have proved stability and also extended it to prove particle filter
convergence, without assuming a mixing transition kernel.

In [9], PFs have been used for sudden change detection in
non-linear systems with known change parameters. It defines a
change detection statistic using observation likelihood ratio. When
change parameters are unknown, one can modify this to thresh-
olding observation likelihood or use tracking error [3] to detect
sudden changes. For detecting slow changes, we have proposed a
statistic called ELL [3] which is the posterior expectation of the
negative log of the prior state pdf. We show here that the approxi-
mation of this statistic is more accurate for slower changes (which
is intuitive).

System Model: We assume that we have an "> valued state
process, X = {X;} and an *"*¥ valued observation process, Y =
{Y3}'. The system (or state transition) process {X;} is assumed
to be a Markov process with state transition kernel Q¢ (x+, dxi4+1)
and the observation process is defined by Y; = h(X:)+w; where
wy is an i.i.d. noise process and h; is, in general, a nonlinear func-
tion. The prior initial state distribution, denoted by mo(dx), the
conditional distribution of observation given state, G (xt, dyt),

with pdf given by g:(x,Yz) = Y1y, (x), and the state transition
kernel, Q¢ (x+, dx¢11), are known and assumed absolutely contin-
uous 2.

Particle Filtering Algorithm: The problem of nonlinear filter-
ing is to compute at each time ¢, the conditional probability dis-
tribution, of the state X given the observation sequence Y1.: =
(Y1,Y2,...Y}), m(dz) = Pr(X: € dz|Yi.). The transition from
m¢—1 to ¢ is defined using the Bayes recursion as follows:

A YTy
Tp—1 —> Typ—1 = QtTe—1 —> Tt = Y. Typ—1 = SRl
(Teje—1, %)

For nonlinear or nonGaussian system or observation model, ex-
cept under very special cases, the filter is infinite dimensional and
hence one approximates it by sequential Monte Carlo methods
like particle filtering. The particle filter (PF) [1] or Bayesian
Bootstrap Filtering [10] is a recursive algorithm which produces
at each time ¢, a cloud of N particles {z\”} whose empirical
measure, TI'{N (a random measure), closely “follows” ;. It starts

'We use the subscript ‘¢’ (e.g. X, Y) instead of ‘n’ for (discrete) time
instants, to avoid confusion with N used for number of particles in Particle
Filtering

ZNote that for ease of notation, we denote the pdf by the same symbol
as the probability distribution
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2 Theorem 1 (Model error bound, Theorem 4.6 of [2]): If for all k,

the kernel Ryy, is a.s. mixing (e > 0,a.s. & 7 < Ti(er) <
1,a.s.), then the weak norm between the correct optimal filter den-
sity u+ and the incorrect one iy is upper bounded as follows:

with sampling N times from 7o to approximate it by 7§ (dz)
ﬁ Zi\;l d_ (1) (dz). The Bayes recursion then runs as follows:
To

>
Z| =
M=
\

Z| -
Mz

™, 8 (dz) —> miY,_, = 8 (i (dz)
=1 ' i=1 o sup  |(pe — .u‘tv )< Ttk+3 55—
N L& $:11]l00 <1 6k+16k+2
—> &' £ >l (de) —> £ > 8,0 (de) & et(ak,ek,o <k<t),as.
i=1 i=1
where 5= sup |(ui — Rev, (4h1), )]
) ) ¢:1]@]]oo <1
where )~ Qu(z\",,dx),
2~ Multinomial({z\”, w{”}Y 1) Theorem 2 (PF error bound, Theorem 5.7 of [2]): If for all k,
) the kernel Ry y, is a.s. mixing (€ > 0,a.s. & 7 < Ti(er) <
wgi) 2 M o) 1,a.5.), and sup,cp, Yr(z) < 00,a.s., then the weak norm
(7Ft|t,1, Ut (I,,Z) ) between the correct optimal filter density i, and the approximation
,uiv (evaluated using the PF) is upper bounded as follows >:
Notation: We discuss here some more notation: (.,.) is used to
denote the inner product and ||.|| denotes the total variation norm su =l — 1V 0 < 2 (
of any signed measure. “a.s.” denotes almost surely w.r.t. the ¢:H¢HZ<1 SpfllHe = Bt = N Tukts 33— Ei+16k+2
probability distribution of the observation sequence Yp.;. Also, -
) £ f Q(z,dx")u(dz) where 1 is a probability distribution, = Belpw, er,0 < k S t) ,a.8.

VN
SUP,cE wk,Yk (1‘)
inf,ep(m) (Qrpt, Yr,vy,)

A L2 _Qw Qw)
and Q(p) = Qu)(E) — f fl Q@ de ()
Organization of the Paper In Sectlon 2, we state the results
from past work and then present our own result on approximation
error bounds. Section 3 explains the change detection problem and
the application of our result to it. Conclusions are given in Section
4 and Section 5 (Appendix) contains the proof of our result.

A
where p, =

< oo,a.s. (

Using the above theorems, the total error in estimating posterior
expectation of ¢ (assuming ¢ is a bounded function with M =
||¢||so) can be bounded as

Mﬁt
vN

2. BOUNDING APPROXIMATION ERRORS

er V< (me, ) — (0, ) 4 | (w7, §) — (N 9)| < MO +

Let (7, @) is the posterior expectation of ¢ under the exact model
and exact nonlinear filter. If there is a model error, i.e state transi-
tion kernel is Q while the non-linear filter uses Q, the estimated
posterior is denoted by 7ri7 *“. This is approximated using a PF with
N particles, and then the posterior is denoted as wf’a’N. In this
section, we first provide some definitions and the convergence the-
orems from [2] and then present our result on bounding on the total
error, eff = |(m¢, ) — (m; N, 9)|.

Definition 1 7he unnormalized filter kernel [2] for a system
with state transition kernel QQ and probability of observation given
state Py, (), is given by Ry vy, (x,dx") = ¥y, (2")Q:(z, dx’)
[2]. So R?’ytu. = the,yp Qf is the unnormalized optimal filter ker-
nel for filtering observations coming from hypothesis a (denoted
by H,). In this paper we study the behavior of the non-optimal fil-
ter whose unnormalized kernel is given by Rt yp = =y, v Qf ie.
the transition kernel under H, used to track observanons coming
from hypothesis b (Hy).

Definition 2 A nonnegative kernel Q defined on state space E is

mixing [2] if there exists a constant, 0 < € < 1 and a nonnegative
measure X s.t.

eA(A) < Q(z,A) < l/\(A) Vo € E, V Borel subsets A C E
€

For a mixing kernel, the Birkhoff’s contraction coefficient (explained
. LA 2
in[2]), T <7(e) = {52 < L

In a previously submitted work [11], we proved using the results
stated above and some additional assumptions that if the system
model error lasts for a finite time (say [ty : ¢7]) * and ¢ is bounded,
the filtering error, e,{v , tends to zero as t — oo and for a given ¢, as
N — oo. Also if ¢ is bounded from below but unbounded from
above (or vice versa), one can consider its bounded approximation

oM (z) = min{¢(z), M} and show convergence as M — oo.
Thus we have limas— o0 (lim¢— oo (limy — oo eM N)) = 0 in this
case. Although this result was proven for the partlcular case of the
change detection statistic which is the posterior expectation of an
unbounded function of the state, it actually holds for any function
of the state. We show here that the model error bound 6; and the
PF error bound coefficient 3; (and hence also the total error °, el¥)
are upper bounded by increasing functions of the distance between
the incorrect and correct transition kernels.

2.1. Error Bounds as a function of Distance between QP, Q2

We first define the distance metric, Dg, between the state tran-
sition kernels Q%, Q% in terms of the distance between their cor-
responding unnormalized filter kernels. We also define another
distance D which measures the total model error in the posterior.

3Ep r denotes expectation over different realizations of the particle fil-
ter, each of which produces a different random measure 7rtN

4even though the model error is for a finite time, it modifies the pdf of
the state X; (and hence also its posterlor T¢) permanently.

M,N
SFor ease of notation, we use et instead of e,
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Definition 3 We define the distance metric between state tran-
sition kernels Q% and QY, Dq v, (Q%, Q%) (or Dg,1), for a given
observation Yy as the following distance between ngt s R y,:

0 a A a
Dq.v,(Q},Q)=Dr(Ryy,, Riy,)

ésup/ \Rl;yt(a?,x')fRZyt(:E,x')|dx'
« Je

—sup / oy (@) QL a') — Q¥ (2’| da’
¢ JE

Dq.+ ® quantifies the system model error per time step at time t

Definition 4 The total model error in the posterior is defined
as total variation norm of the difference between the posteriors

evaluated using correct and incorrect model scaled by AZvY;f (E)

where )\Z yb IS the invariant measure corresponding to RZ 7
Tk

YR
~ ALb b, b,b
Devo 2Ny (Bl =y ©

Now we state the main result of this paper (proof in Appendix):

Theorem 3 Assuming (i) A, > Doy and (i) C > (Dy_1) /e —
Dq k., the following holds:

2D 2D A ~
O < AQ’k < g’k = fs(Dgq,ks Di—1)
k C _ kb—l

Kk

sup, Yk, vy () sup, ¥k, v, (¢)
- a2 - a Dy,
el,;’ (Ax — Dg.k) 62’ 2(C — Dkb L — Do)

€k

A -
= fo(Dq,i, Di—1), a.s.

A a A 3
where Ay = Ry vy (m%))(B), C = R yo(m"))(E) (4)

i.e. O, and py, are upper bounded by increasing functions of Dg 1.
and Dk_l. Also fs is a linear function of Dq 1, while f, is nonlin-
ear (strictly convex), with derivatives of all orders also increasing
so that fs + f, also has the same property.

Corollary 3: The above theorem implies that both 0, (0, ez, ty, <
k <t)and B¢(p, eZ‘a, 0 < k < t) are upper bounded by increas-
ing functions of the vector of distances [Dq i,k = ty,...t] and
consequently el is also upper bounded by an increasing function
of [Dq.k, k = tv,...t] with derivatives of all orders increasing.
Also e} increases with t as long as the change persists.

Proof of Corollary: The corollary follows immediately from the
definitions of 0, §; (equations (2) & (2)), the above theorem and
the following three facts: (i) is independent of Dg , (ii) eZ’a
is a decreasing function of the total model error (shown in [11]) 8
and (iii) Dy—_1 (total model error) is an increasing linear function
of the past model errors per time step [Dgq,;,j = te, ...k — 1] (this
is intuitively obvious, and so we skip the formal proof) and it also
increases with k as long as the change persists.

SWe use Dy ; to denote DQ vb (Q’g7 Q¢ ) for ease of notation.

7Scale by )\Z vb (E) only for ease of notation in stating the theorem
Yk

8with increasing total model error, the overlap between ka and Qf

decreases and so the kernel RZ‘“ becomes less mixing (eZ’a decreases)

3. THE CHANGE DETECTION PROBLEM

Consider a nonlinear partially observed system with state transi-
tion kernel QY and probability of observation given state ¥y, v;, ().
Now suppose there is a change in the system model at some un-
known time t. and the state transition kernel becomes @Qf (un-
known) while the particle filter still uses QY to track the observa-
tions. The aim is to detect the change with minimum delay.

If the change is sudden (large change magnitude per time step,
quantified by Dg,v;, (Q%,Q%)), and the changed system parame-
ters (Qj,) are known, log of observation likelihood ratio has been
used to detect it [9]. For unknown change parameters, one can

adapt this to use negative log of observation likelihood (denoted by
N

OL), OLy® = —log Pr(Y¢[You-1, Ho) = —log(RY v (%)) (E)).

OL exceeding a threshold was used by us [11] to detect a sudden
change. But if the change is slow (change magnitude per time step
is small, so D¢ small), OL®° does not increase enough to detect
the change. This is because,

Dy
~——Dayx) (5)

c

OL;® < —log(Ay — Dg,x) < —log(C —

i.e. it is upper bounded by an increasing function of Dg (follows
by applying inequalities (8) & (9) (in Appendix) with a = 0,b =
c).

To detect such slow changes which get missed by OL, we pro-
posed using “Expected (negative) Log Likelihood” or ELL [3, 11].
ELL is the posterior expectation of the negative log of likelihood
of the state (under prior distribution of the state, p?), i.e.

ELL(Yo+) = Ex,[~logp!(z)] = (m:, —logp;).  (6)

It has been shown that when the change becomes detectable and er-
rors in ELL approximation are small enough, ELL will detect the
change correctly most of the time (small miss probability) [11].
Now, approximating ELL for changed observations using a PF op-
timal for unchanged observations fits in the framework of parti-
cle filtering with incorrect model assumptions. Here the model
error per time step corresponds to rate of change (magnitude of
change per time step). The function ¢ in this case is ¢(z) =
—log p? (). Applying corollary 3, the error, ¢£°, in evaluating
ELL(Yy.;) is upper bounded by a nonlinear increasing function
(with increasing derivatives of all orders) of the vector of distances
[DQ,ykc (Q%,Q%),t. < k < t] (distances now quantify the rate
of change). Thus ELL(Y:;) approximation is accurate for slow
changes, for some time (until total change magnitude is small) and
blows up quickly with increasing rate of change or increasing total

change magnitude. Also, for the original system, DOQ, r = 0 (no
0,0,N

model error) and hence the only source of error, e, , 1s finite
B . . . ]\/I ] x 5 o
particle size in PF, i.e. 6; = 0; = 0Vt and p,, < %’;Y’“(I)

3.1. Improving ELL Approximation

Now for change detection to work best (detect change with mini-
mum delay), error in approximating ELL should be small for both
ELL(Y3),) and ELL(Y{,). Now e?’O’N is small (N chosen large
enough), but e} 0. depends on Dq  being small Yk < t (change
slow, total change magnitude small). The nonlinearity of the error
bounds, suggests that a small value of both D%’ x and D, . will
introduce smaller total error e?‘O’N + ef’O’N than DOQ’,C = 0and
large D¢, ;.. Thus instead of using QY as the transition kernel in
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particle filtering (Qif = Q%) [11], using a sz that is closer to

Q¢ (even if its distance from QY is not zero) will be a better idea.
If Q% is known, one could attempt to use a mixture of Q9 and Q5

Ok

as Qif . For unknown Q7,, one could use Qg with a larger system

noise variance as Qif . Both these ideas have been used in past
works on tracking/filtering using a particle filter [10, 5]; we have

in this paper provided a rigorous justification for using them.

4. CONCLUSION

We have upper bounded the approximation error in PF with

correct model, by a nonlinear increasing function (with increasing

in-

derivatives of all orders) of the vector of model errors per time step, by
[Dg.k, k < t]. We have applied this result to bound errors in ap-
proximating the ELL [3, 11] by a nonlinear increasing function of
the rate of change and suggested ways to improve ELL approxima-
tion based on our result. As part of future work, we intend to study
the change detection performance improvement and the bounds on
approximation errors with (i) learning change parameter on the fly

and (ii) with using ELL of a sequence of past states.

5. APPENDIX

Now we use the above inequalities to bound Jy:

= sup |(m° —Rbyb(vri%) ?)|
¢:|[¢]loc <1
b,a b _ba =b
<||m Rkﬂ'k = ||Ryb(7rk 1)_Ryb(7rk DI

Ryb(ﬂ'k O+ 1Ak —
Ag

(C)HRyb(ﬂk ‘)= kyb(ﬂ'k “O(E)]

<d) 2DQ k (e) 2DQ k
Ay C o Dk 1

(10)

k

Inequality (c) is an application of inequality (6) of [2], (d) follows

combining (7) and (8) and (e) follows from (9).
Now consider py:

() S
Pk S ba
RZ Yb(Trk “OE)
(9) (h)
% S & S

a2 - a Dy
€. (Ax — D) e 2(0 — Do Dq,k)

Inequality (f) follows from Remark 5.10 of [2], (g) follows from

¥

Proof of Theorem 3: For ease of notation, denote sup,, ¥, v, (x) 2

S. We first prove the following three inequalities below and then

apply them to bound dy, px. Note that Ry y, = RZ vb when ap-
Tk

plying Theorem 1 (model error bound) but Ry,y;, = R} ., when [1]
Tk

using Theorem 2 (PF error bound for incorrect model).

||RYb(7Tk 1) Rifb(ﬂ'k 1)”
< [ [ 1Ryt - Ryl @atas
, k k

< sup/ |R(;,I£,(9L’7 z') — Rﬁ,kb (w,z")|dz’
x fEl

Dr(R5s, Ryy) = Do
Also,

[ Ak — Rk Yb(ﬂ'z a1)( )| = |Rk Yb(ﬂ'k 1)(E) -

x') — Ri,}:(w,x'))ﬂk 1 (z)dx|d’

<[ (R

_||RY”(7Tk ‘)= Ryb(ﬂ-k il < Dq .k

Inequality (a) follows from of (7).
Next, we lower bound A, = C' — (C' — Ag):
C = A = |C = A <||By o (mioy = w2

/\k Yb( )Hﬂ-kfl

b,
Z,Y}f (ka1)(E)|

7Tk 1HADk )

(2]

(3]

(4]

@)

(5]

(6]

(7]

(8]

(9]

> b b
€k €k
Dy_1

b
€k

Thus, Ax>C —

(b) follows from Lemma 3.5 of [2] and mixing property of Ry.

9) [11] N. Vaswani,
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[10] N.J. Gordon, D.J. Salmond, and A.FEM. Smith,

and assumption (i); (h) follows from (9) and assumption (ii).
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