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Abstract—We consider the problem of controlling the precision
of the multiple-model multiple-hypothesis filter with Gaussian
mixture reduction. The controller adaptively chooses the number
of hypotheses kept by the filter to (sub-)optimally seek a tradeoff
between filter precision and computational effort. In order to
quantify the approximation error due to hypotheses truncation,
the controller employs probability divergence measures such as
f-divergences and the Wasserstein divergence. The proposed
solution is tested on the problem of estimating the states of a
networked control system with packet drops on the controller-
actuator channel. Theoretical results demonstrate that our strat-
egy leads to a divergence between the true Bayes posterior and
the truncated one that remains bounded over time. Numerical
results show a good improvement with respect to truncation with
a constant number of hypotheses, specially as the number of
modes increases and so does the problem dimensionality.

I. INTRODUCTION

A major challenge in the state estimation of hybrid dynam-
ical systems from a Bayesian approach lies in the exponential
growth over time of the number of possible continuous state
trajectories. This is of particular relevance for Markov Jump
Systems (MJSs) since, in the linear case, the Bayes poste-
rior may be computed in closed form. Solving this problem
exactly, however, would require a bank of Kalman filters
with exponentially growing size over time. To cope with this
problem, the multiple model multiple hypothesis filter (M3H)
was proposed in [1], [2]. Given that the Bayes posterior in this
case is a probability mixture, the M®H truncates and merges
the components of this mixture taking into account the history
of the discrete states associated to each component.

In order to also incorporate continuous state information in
the merging process, the multiple model multiple hypothesis
filter with Gaussian mixture reduction (M®HR) was proposed
in [3]. This approach merges the mixture components using
clustering techniques discussed in [4]. The number of clusters
in [3] was pre-selected and kept constant over time. However,
by adaptively choosing the number of clusters during the
filter operation, one could obtain suitable combinations of
estimation error and processing time.

If one considers the possibility of varying the number of
clusters with time, we see that, encrusted in the problem of
Bayesian filtering of hybrid systems, there is a problem of
filter precision control. More precisely, we have an optimal
control problem in which one wants to minimize both the
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time-averaged estimation error and the average computational
effort per time-step.

In this work we formulate and solve such a control problem
employing different probability measure divergences to allow
us to quantify the estimation error. Essential to this formulation
is the possibility of aggregating approximation errors made
at different times. To this purpose, we use an equivalent of
the law of cosines in Euclidean space, to aggregate errors in
probability space in a fashion that is less conservative than
simply applying the triangle inequality.

This precision control is then applied to the M?HR filter in
the fashion of the Runnalls’ algorithm [5], which was the most
time-efficient clustering algorithm tested in [3]. Numerical
results demonstrate reasonable improvement in comparison to
the open-loop approach.

As for probability divergences, we study both f-
divergences, which take into account only the information
content of each distribution regardless of the state space
metric, and the Wasserstein distance, which takes into account
the state space metric.

This problem is fundamentally different from the standard
clustering problem as the latter is static and is not performed
in real-time. Because truncation errors may expand over time,
a poor choice of divergence or of controller may lead to
unbounded aggregated errors in the long run.

It is also fair to notice the distinction between the problem
we propose and that of minimizing the estimation error subject
to a fixed computational deadline (equal to the sample time for
example) at each time-step. The solution to the latter is trivial
as the controller should just keep computing until the deadline
is reached. Instead we care about the average computational
time and do not impose a bound to each time-step. This is
motivated by the fact that typical filter computations achieve
reasonable precision much earlier than sample times and,
therefore, computational time should be constrained due to
CPU power conservation and not by the sampling period.

Although the idea of filter precision control is not com-
pletely new (see, for example, [6]), it is is new in the context
of Bayesian filtering of hybrid systems where computational
effort is the control input. Our main contribution, in Section
II, is to extend the results in [3] to an optimal control
framework that provides formal bounds to the average costs
associated with filter precision and computational effort. Other
contributions include Theorem 1, which is of general impor-
tance to Information Theory and to clustering, as it allows
measuring of approximation errors; Theorem 8, which gives
new bounds and fast approximations of Wasserstein distances;
and Proposition 9, which establishes a promising link between
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Information Theory and Control Theory.
In the next section, we motivate our problem with an
example from networked control.

II. A PROBLEM IN NETWORKED CONTROL

A common challenge in networked control systems lies
in the loss of data packets due to channel noise or channel
interference (see [7] for a review of this issue). Packet loss
events may be modeled by Markov chains whose transitions
are independent on the actual information content of packets.
Thus, a control system whose sensors, controllers or actuators
are connected by a packet dropping network is a standard
example of a Markov Jump System.

In this work we consider the problem of drops in the
controller-actuator channel (see [7] for the problem of drops
in the sensor-controller channel). Let z;, € R? be the state of
a linear system with dynamics given by

Tht1 = Axp + e Buy, + wy,

D
2

where y, € R™° are the observations corrupted by white
Gaussian noise vg with covariance R,, ur € R™ is the
controller input and the disturbance wy is white Gaussian
noise, which is independent of v; and has covariance R,,.
The process €, € {0,1} accounts for packet drops in the
controller-actuator channel and it is modeled by the discrete
Hidden Markov Model (e, my,) characterized by

yr = Cxp +vp

3)
“4)

where [m;;] and [g;;] define the transition and emission
matrices respectively and where the discrete state my lies in
the set {1,...,M}.

It is assumed that the controller only has knowledge of
the sequence .5, not observing €, or my, directly. Had the
controller knowledge of ¢, the optimal state estimator would
be a simple Kalman filter.

The Bayes approach to this problem would be to consider all
possible sequences €;.;, obtain the posteriors p(zk|€1.x, Y1:1)
given by the respective Kalman filters and then weight each
posterior according to its likelihood. Unfortunately, the number
of possible sequences €1, (and of Kalman filters) grows
exponentially as 2¥. That is why any Bayesian approach to
filtering MJSs needs truncation.

To make it more precise, let xy), denote the posterior
estimates of x; when (mg,xzq) is distributed with priors
Tome Pmo (T0), Where ¢y = N (fmgs Xm,) and N denotes
the multivariate normal distribution with given mean and
covariance matrix. For prior mg = i, define the likelihood
function of the output sequence yi.; and the n-th possible
mode sequence "), n.=1,...,2F, as

Pr{mk+1 = j|mk = Z} = 7TJ|7

Pr{ey = jlmi =i} = 0j;

bign = /p (ymegﬁglmo,wo) ¢i(xo)dxg .

Denote by fi; 1., the posterior means at time k£ given by the
Kalman filter corresponding to the n-th emission sequence and
to prior mg = .

Then, by the hidden Markov structure of the process (see
[8], [9] for a review of Bayesian filtering), the posterior means
are given by the sum of the means for the continuous filters
weighted by the posterior probability for each component:

mily ks,
Ty = D= gk “h

,n

ikn

where , = > . Tili k-
In our experiments, we focus on the particular case of
memoryless erasure channels, where
|

[miz] = [ } and [o;] = {

such that m = 1 always corresponds to a successful trans-
mission and m = 2 corresponds to a drop and the drop
probability is given by the number pg. In this case there is
no real distinction between the mode variable m; and the
emission variable ¢y.

0 1
1 0

1-po po
1—po po

III. A FRAMEWORK FOR PRECISION CONTROL

In this section we compute bounds for the approximation
error due to successive truncations of the probability densities
in a Bayesian filter. These bounds are then used to propose
suboptimal control strategies that trade off computational time
and filter precision.

Runnalls’ algorithm, which is employed by the M?HR filter,
works by recursively merging mixture components pairwise.
As a criterion to select the pairs to be merged, it computes a
bound on the Kullback-Leibler divergence between the original
mixture and the reduced one. The Gaussian mixture composed
of this pair of Gaussians is then replaced by the Gaussian that
preserves the first two moments. In this section, considering
more general divergence measures, we want to quantify the
overall error induced by successive pairwise merges.

For a given space P of probability distributions, consider
a mixture probability distribution in P with components
(w;,v;),i=1,...,N.Given a merging function v, : PXP >
P, t € [0,1], define 7, as the measure obtained from the
consecutive pairwise merging of vy, vs, ..., 1, as follows

Vp = 7(@)(571717%1); n Z 2) 171 =,
where w, = Y ;| w;.

Now, consider a generic divergence function D : P x P —
R>o U {oco} and assume that D is jointly convex.

Assumption 1. For t € [0,1], v; and vy € P, there exists a
function Dy : P x P+ Rxo U {oo} such that

(1—t)D(v1,v) +tD(ve,v) < D(y(v1, 1), ) + Di(vi, v2)
(5)
for all v € P.

Theorem 1. Suppose that v, and D; satisfy Assumption 1.
Then, the total divergence resulting from consecutive pairwise
merges is bounded as

W

N N
D> wivi,v | <D(@n,v)+ > WDua(n 1) , (6)
i=1

n=2
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for all v € P. Consequently, if we denote by A,, the bound
associated to the approximation error D (3., w;v;, y,), we
have the recurrence

An = Anfl + wn@g—" (ﬂnflayn) . (7)

Proof. From the convexity of D we have that

N N
D <Z w;iVi, 1/) <wiD(vi,v)+(1—w1)D (Z %Vi, V)
i=1

1=2
(3)
Next, we note that
N W
?I)7L71D(5n717 V) + (1 - wnfl)lD <Z myh V)
< 'U_Jnfl,D(ﬁnfly V) + wnD(Vn7 V)
N
+<1wn>v(_z ﬁ%nw’”)
i=n+1
Wn, — Wn
= Wn 1—-— Dn77 fD ny
o ((1-2) D)+ 2000) @
N W
=+ (1 — ’Ll_)n)D ( Z ]-_fu_)nyi,l/>
i=n-+1
S 'U_]nﬁ (V'n 1, Vn) + wn (V7L7 V)

m n

+ (1 —w,)D (Z 1_

i=n+1
where the first inequality follows from the convexity of D and
the second is a consequence of (5). Applying inequality (9)
successively starting from (8) gives (6). Replacing v by 7, in
(6) gives the second part of the theorem as stated in (7).

O

Remark 1. Note that, if we replaced D in (5) by the Euclidean
distance squared, D; by t(1—t)||x —y||? and make ~;(x,y) =
(1—t)x+ty, we would have that (5) is satisfied with equality.
This identity is equivalent to the law of cosines and it gives
much tighter error bounds than the triangle inequality.

Let »*) and 7(®) be the posterior distributions for the Bayes
filter at time k having different priors (%) and 7(9). Assume
the divergence D admits a contraction rate o € (0,1), i.e

D 5Dy < oDW® | 58 vk > 0, O

Then, if we denote by & the bound on the truncation error

accumulated from all times previous to k, (7) gives that
En=a&,_1+ aAF=D) s (10)

where A®) is the bound on the total truncation error at time
k obtained from (7) combining all clusters:

AW = S Al

all j clusters

)

where w; is the total probability mass of the j-th cluster and
A;k) is the truncation error for that same cluster.

This evolution of the truncation error suggests the formu-
lation of the control problem as a Markov Decision Process
(MDP) where the decision variable is the number of com-
ponents to keep at each time-step and where the cost to

0D ep .

be minimized is a function of the truncation error and the
computational effort. This would be a MDP with state &, and
with actions Ny, defined as the number of components of
the reduced measure for mode m at time k. The instantaneous
cost would be (&, Ni) = &, + S7(Ny), for some weight
£ > 0 and some function 7(-) that describes the impact of the
action vector Ny = [N}, ,,,] on the computational effort. Then,
an optimal solution to the MDP is a policy that picks Ny as
a function of & in order to minimize the discounted cost

D YR Ele(Er, Ny
k=1
where vy € (0, 1) is the discount factor.

Next we derive a rollout policy that suboptimally solves this
MDP (refer to [10] for an introduction to rollout policies and
approximate dynamic programming). We start with a policy
0o characterized by the action Ny being constant over time.
The value function Vy, (-) associated to this policy satisfies the
Bellman equation

Voo (Er) = E [e(Er, Ni) + Y Vo, (Ert1)]

(11)
= &, 4 BT(Ni) + YE[Va, (a&) + aAW)] |

where we used (10) in the last equality. Assume now that
A®) reaches an ergodic limit such that E[A(®)] is constant
(this assumption is justified in Section V-C). Then, we can
check that Vy, (&) = /(1 —ya) + no solves (11) for some
constant 7. A rollout policy 6; is now defined by picking the
actions that minimize the total cost predicted by Vj, at each
time-step:

N, = arg II]\l[iIlE [c(&k, Nk) + YV, (Ekt1)]
k
12)

LYo k
= argmin ¢ —YOZA( ) 4+ BT(N) .
Rollout policies guarantee that the total cost is upper-bounded
by Vi, (o), but in practice they give much smaller costs.
Computing the minimum in (12) would by itself affect the
computational time 7(Ny,) if this is to be done online. Instead,
with the help of Theorem 1, we can check for a local minimum

by looking at the first difference with respect to [Vy:

re o (Fn—1,vn) + BT (Ng = 6n) = 7(NR))

7TLIZj
1-— yaw

where n is such that the merge of 7,,_; and v,, would lead to
Ng,m — 1 components; d,, is the indicator vector at m. This
leads to a threshold condition according to which we should
truncate one component at a time and stop when the error
introduced by the next truncation satisfies

1 —va

By Do (1, vn) > B(r(Ng)—7(Np—6m)) . (13)

In words, one should stop truncating when the incremental
truncation error becomes larger than a constant times the ex-
pected decrease in computational effort. The above condition
does not guarantee that the number of components will remain
bounded for all time. For this reason it is desirable to add to
the stopping criterion the condition that Zm Nim < Nmax,

for some constant Ny, large enough. Taking into account all
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these considerations, the proposed strategy is summarized in
Algorithm 1.

Algorithm 1 performs a Bayes filtering step, consisting
of a bank of Kalman filters, and truncates the number of
hypotheses using our suboptimal policy instead of Runnalls’
algorithm, which was used in the M?3HR filter. The number
of hypotheses (filters) increases M -fold at every Bayes step
(line 3). Truncation starts by computing the truncation error
(left-hand side of (13)) associated to all possible two by two
merges and storing them in d; ; ,, (line 4). Then we select
the merge that provides minimal truncation error (line 7) and
check whether this error satisfies (13) (line 8). If so, the
algorithm is set to stop as soon as the number of components
is less than or equal to Ny,,x. Next, the merge is performed
(lines 14-17), the d matrix is updated (line 21) and a new
merge cycle is started returning to line 6.

Algorithm 1 M>?H Filtering with Suboptimal Gaussian Mix-
ture Model Reduction
1: Given the posterior pdf for (xq,mg) defined by a mixture

M N,
V= § E Wi mVi,m,

m=1 i=1

and given kg constant, Ny, integer and k = 1,
2: Get observation y; and input uy,
3: Get the new posterior pdf:

([wi,m]a [Vi,mD = BayeSFiIter (yk; Uk, [wi,m]; [Vi,mD )

4: Compute the truncation error for the 7, j merge:

di jom = (Wim +Wj.m) D, . /(wim+1w;.m) Viems Vim)
for all ¢ < j and all m.
5: Set StopFlag=FALSE.
6: while > N,, > M do
7:  Find the indices 7* < j* and m* that minimize d;_; m,.
8: if di*,j*,m* > /io[T([Nm]) — T([Nm] — O+ )] then

9: Set StopFlag=TRUE.
10: if > Np < Npax then
11: break

12: end if

13:  end if

14: Set Wix m* = Wix m» + Wj* m*-

15: Set Vixm* = Ywje pyr /Wi m» (Vi*,m* s Vj* mx* )

16:  Remove component j* from the mixture of index m*.
17: Set N+ = Npppr — 1.

18 if Y Ny, < Nyax & StopFlag then

19: break

20:  end if

21:  Update dj« j m» for j > ",

22: end while

23: Increment k and return to step 2.
{ Actual calculations use In(w; ) to avoid issues with multiplication precision. }

The knowledge of the contraction rate « is actually not
needed. Given that a rate a exists, we can experimentally try
different constants k¢ > 0 in Algorithm 1 and pick one that
is suitable. This is the equivalent of the user choosing the

weight S since, for every ko > 0, there exists 8 such that
ko = B((ya)™! — 1) as in (13).

Note in addition that, even when « > 1 and there is no
contraction effectively, the above framework still works for
small enough discount factors (y < a™1).

The computational time due to the filtering step is linear
in N,,, since at most M ), N,, Kalman filters are run after
we reduce each mixture to a size of N,,. Thus, the mixture
reduction step, which is quadratic in N,,, as seen in Algorithm
1, dominates the computational time. From this, we have that
the function 7(-) can be obtained empirically by fitting a
second order polynomial in N,, to the computational times.

A more precise, closed-form, structure on 7(-) can be
obtained as follows. Suppose each mixture is reduced to size
Ni—1,m at time k& — 1. After propagation, each mode will
have at most Zm Ni_1,m =: Ny components. From this,
line 4 at time k in Algorithm 1 takes time proportional to
M Ny (Ny — 1)/2. If we were to reduce each mixture to the
minimum size of 1, line 21 in Algorithm 1 would take time
proportional to M (N, — 1)(N}, — 2)/2. However, reducing to
Nyj,m components instead of 1, we save N, (Ngm — 1)/2
updates in the array d; ;.. Summing the three contributions
above from lines 4 and 21 and also that from the Kalman filter,
the computational time at time k is proportional to:

M
_ Nin (N — 1
M(N, -1 = N (Ne.m = 1) 2’”” )

m=1

+ MmN, (14)
where the constant 79 corresponds to the computational time
of the Kalman filters normalized by the time to compute
divergences. The expression above is a function of both Ny, ,,
and Nj_1 .. Taking into account the discount factor, we can
rearrange the terms in the total computational cost to isolate
the contributions from [N,, ] and obtain

M 2 M
T([Noi]) < 2yM | Y N =1 +70 > Nim
m=1 m=1

M

= Nean(Nem — 1)

m=1

Remark 2. Finding an exact value function and such a
simple control was possible due to the linear dynamics in
(10), which is a consequence of Theorem 1. The same would
not be possible if errors were aggregated using the triangle
inequality.

Remark 3. The given controller is suboptimal in a number
of ways. In the first place, we are dealing with upper bounds
on error sizes and not the real errors. Secondly, & is not a
real state since it does not fully describe the full probability
densities. Third, our model does not take into account how the
mixture sizes Ny, influence the range of approximation errors
at future times. Lastly, we have merely provided a rollout
policy and, on top of that, we have no guarantee that (13)
gives the global minimum.

In the next sections we discuss different types of divergences
that can be employed with the presented framework.
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IV. PRECISION CONTROL USING f-DIVERGENCES

An important class of convex divergences is given by the
so-called f-divergences. For a convex function f such that
f(1) =0, the f-divergence Dy of the probability measures
v, with respect to v is defined as

d
Dy () = / f (d) s

when v is absolutely continuous with respect to v (see [11]
for a definition in the general case and for further properties).
Due to the convexity of the map (x,y) — xf(y/z), Dy is
jointly convex on (v1,va).

Further properties of f-divergences are Djy(v1]|v2) > 0
and, if f is strictly convex at 1, Ds(11]jve) = 0 if and
only if 1 = wv,. If P is a Markov transition operator,
then Dy(v1|lve) > Dy(Pri||Pry), which means that f-
divergences are non-expansive under the time evolution of
dynamical systems. This implies that f-divergences tend to
contract (or at least not expand) during the propagation step of
a Bayes filter. However, they still may expand during the Bayes
step when additional information is added through observation.

Some notorious divergences in probability theory are f-
divergences. For f(t) = |t — 1|, we have the total variation
distance TV(-,-) := Dy(-||-). For f(t) = tlnt, we have

the Kullback-Leibler divergence KL(-,-) := Dy(-|-). For
f(t) = —Int we have the reverse Kullback-Leibler divergence
RKL(-,") = Dy(:|). For f(t) = 1(vt — 1)%, we have
the squared Hellinger distance H?(-,-) := Dy(:||'). And,

for f(t) = (t — 1)2, we have the chi-squared divergence
X?(+,+) == Dy(:||-). From the above divergences, only TV and
H? are symmetric. In addition, TV and H are true distances.

The optimal values for (y:,v) in (5) can be defined by
means of a min-max problem. When a Nash-equilibrium
(vf,v*) exists, it is always the case that v = v*. Indeed,
given a choice v = v*, the bound D is minimized by
setting ¢ = v*. For this reason, v; often coincides with the
barycenter

v* =argmin(l — t)D(v1,v) + tD(ve,v) .

When D = Dy, [12] showed that the solution v* to this
problem (the so-called entropic means) are as such: v* is the
arithmetic mean of the pdfs in the case of D = KL; v* is
the normalized geometric mean of the pdfs in the case of
D = RKL; v* is the normalized mean of square-roots of the
pdfs in the case of D = H?2: and v* is the normalized harmonic
mean of the pdfs in the case of D being the y2-divergence.

In our case, we are interested in the approximation of
Gaussian mixtures by a single Gaussian. From the means
above, only the normalized geometric mean of Gaussians is
again a Gaussian.

In the following proposition we give merging functions and
bounds D; that satisfy condition (5) when P is the space of
multivariate normal distributions on R?, denoted here by A%

Proposition 2. Suppose vi = N(u1,31) and ve =
N (o, o) are merged by ~;(v1,ve) = N (jig, X¢). Then, the
tuple (fiz, ¥, Dy) satisfies condition (5) when P = N'¢ and
the following f-divergences are used as D = Dy:

5

i. For the total variation distance:
Pt = 1
St == 21
’ﬁt = tTV(I/l7 1/2) s

when t < 0.5 and vice-versa when t > 0.5;
ii. for the Kullback-Leibler divergence:

fie = (L= t)pua + tpo

Se=(1— 1)1 4 8 + t(1 — t) (1 — p2) (1 — p2)'(15)
_ 1 _

D, = 3 (In|E¢|—(1 — ) In|Sq|—tIn|S2|) ;

iii. for the reverse Kullback-Leibler divergence:

fir =S (1 — )27 pg + 25 o)
S = (1 —tn ey

D, =L (41— . — )7 (11 — )
— In|S[+(1 — ¢) In|S1 |+t In|Ss)
where ¥ =t + (1—1t)%,;
iv. for the squared Hellinger distance:
fir =5 (1= )27 g + 55 o)
S = (=08 44251 —el, e>0

_ 1 =
Dy, 1 (t(l —t) (1 — p2) X N — o)
— In[S [+ (1 — £) In|S [+ In| S| )
’Dt =1 - 67@3’t B
where ¥ =t + (1 —1)%s.

The expressions for merging for the Kullback-Leibler
and the reverse Kullback-Leibler divergences are optimal as
demonstrated in [13]-[15]. In the case of the squared Hellinger
distance, there is no closed form for the optimal merge (see
the related problem of computing the Bhattacharyya centroid
in [16]).

Proof of Propostion 2 (iv). The bound @B7t is a bound ob-
tained for the Bhattacharyya distance Dp := —In(1 — H?).
From [16], we have that

Dp(vi,12) = 1(,ul — p12)"(Z1 + B2) (1 — p2)

4
1 Y14 39)/2
+—ln‘( 1+ 59)/2]
2 |21|1/2|22|1/2
Let us consider the min-max problem for the map ¢
(ﬂtaztaﬂvz) = (1 _t)DB(V17V)+tDB(V2>V) _DB(DtaV)7
where v = N (u, 3). Its derivative on p is

(16)

1—t _
op=—7—(S14+3) " (n—p1)

1

+ = (B2 4+ 3) 7 (1 — p2) 2(it+2)_1(ﬂ—ﬂt)

| B
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and the derivative on [i; is gz, = 1/2(3; + X))~ (u — fie).
Equating both derivatives to zero we obtain

o= [
=[1-9E+D T + S+ (17)
(A=) +2) "+ 8D+ 8) " pg)
As long as the Hessian
1—t ot 1. .
Cpp = T(Zl +¥)7 + 5(22 +X)7 - §(Zt +3)

is negative definite, the value of p that maximizes ¢ is given

by (17). This is indeed the case since the concavity of the

matrix harmonic mean [17, Thm. 4.1.1] grants that

1—t t -
2 2

>2[(1—H% 15T 428
2% + 2el + 2% > 2%, + 2%

(B +2) T+ (e + )7

and ¢, <0.
Now, the derivative of ¢ on X is
1—1t _ , _
G+ E) Y= p)(p—m) (S +32)7"

— 3 ) ) (= ) (S + D)

RS+ (e ) ) (S 4 5)

1-t¢ _ t _ 1 o _
+—— (1 +3) 1+§(22+2) T 7 (S + ) b
Replacing p as in (17), this derivative equals
t(1—1t)

1 (St + ) (2 — 1) (p2— 1) (Se+2) " o

Then, this derivative is negative definite and the maximum of
@ is achieved by ¥ = 0. Replacing p = ji; and ¥ = 0 in the
expressions for ¢ and Dp, we find that ¢ < ﬁB,t.

Given this bound, from the convexity of the exponential
and the definition of Dpg, we have that

e Pt < g%
< (1 —t)(1 —H3(v1,v)) +t(1 — H2(v2,v))
- 1—H2(v, i) '
Rearranging this inequality, we find that
(1 —t)H2(v1,v) + tH2 (v2, V)
< H3(v, Dt)e_@B" +1-ePrr< H: (v, 7)) +1— e P

O

All of the divergences in the proposition have a similar
behavior when approaching zero. In particular, if we are at
equilibrium with Y =%, = X, then, in the limit of small
mean deviations, we have

1 _
Dy o §t(1 —t)(p1 — p2)'S7 (1 — p2)

in the case of the last three divergences.

Notably, Runnalls’ algorithm [5] employs the same merging
function and the same error bound as those of the Kullback-
Leibler divergence in the proposition without, however, con-
trolling the reduced mixture size.

(18)

For future reference, we give the y2-divergence [18] be-
tween two multivariate normals with 23 > Yo

In(x2(1, 1)) = %(2,“ —2) (251 — B) Y (21 — pi2)

+ %ln|221 — S| -2 19

1, 1
+ iu;,zQ Yo — |21+ IS

V. PRECISION CONTROL USING THE WASSERSTEIN
DISTANCE

The limit behavior in (18) shows that information diver-
gences always weight mean deviations according to the pos-
terior covariance matrix. However, there might be situations
in which we want to weight mean components differently,
according to some metric of interest in R?. This case is
captured nicely by the so-called Wasserstein distance. In the
next sections we give the main facts about this distance
and derive suitable merging functions and bounds for it.
Related work that also applies the Wasserstein distance in
Gaussian mixture reduction is found in [19], [20]. Because
our focus is on real-time applications, we derive alternative
faster approximate solutions.

In Section V-C, we show how this distance is connected with
the mean absolute error for matrix weighted norms |-/ in R<.
In particular, we find that, in order to control the ()-norm of the
error, one must replace the inverse of the equilibrium posterior
covariance in (18) by a combination of the form X~ + £(Q).

A. The Wasserstein Distance

We denote by P»(R?) the space of probability measures on
R? with finite second moment.

Definition 1. For vy, v, € P2(RY), we define the Wasserstein
distance Wa(v1,v2) between them as

WQQ(V17V2) ::inf{/”x — y||2y(d33,dy) :

[ vteds) =, [wtany) - }

=inf {E[||X —Y[*] : X ~v1,Y ~ 12} .

Intuitively, W2 measures the expected squared distance in
R? between random variables X ~ v and Y ~ v, considering
the best possible coupling between them. Differently than f-
divergences, the Wasserstein distance takes into account the
distance on the space where X and Y lie.

Endowed with the distance Wy, Po(R?) is a metric space.
Specifically, W, is a metrization of the weak topology in
Po(R?) [21, Thm. 6.9]. The space (Pa(R%), W) is geodesic
given that any two probability measures are connected by a
minimizing geodesic and, moreover, if one of the measures is
absolutely continuous with respect to the Lebesgue measure,
this geodesic is unique [21, Cor. 7.22, Cor.7.23].

Proposition 3. The function W3(-,-) is jointly convex:

W22 (wip1 + wap2, wi1q1 + wag2) <

wiW3(p1,q1) + weW3(pa, q2) - (20)
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Proof. From Definition 1, there exists a random variable ¢ €
{1,2} and a sequence X,, and Y,, such that Pr{X,, | i} = p;,
Pr{Y, | i} = ¢, Pr{i} = w; and E[||X,, — Y,,||? | i] —
W3(pi,q:). Then, X, ~ wipi + wopa, Yy ~ wiqi + wago
and E[|| X, — Y, ||2] & >, w;W2(pi,q;) and (20) follows
from Definition 1 applied to the left hand side. O

Proposition 4 (Sec. 6.2 in [22]; Sec. 2 in [23]). Let vy, ., (t),
t € [0,1], be a constant-speed geodesic curve from vy €
Pa(RY) to vy € Po(RY). Then, v,, ., (t) is also a barycenter
of v and vs:

Yoy (t) =arg min {(1—t)W5(v1,v) +tWi (v, 1)} .

VGPQ(Rd)

Moreover, the barycenter is unique when one of the measures
is absolutely continuous with respect to the Lebesgue measure.

The next result states the fact that the space (P2 (R%), W)
is a positively curved space and allows us to find an upper
bound for the merging error that is considerably tighter than
the bound that would be obtained by a mere application of the
triangle inequality. Indeed, for the case of Dirac measures, the
bound below recovers the corresponding error in Euclidean
space, which is a direct consequence of the law of cosines.

Lemma 5 (Thm 7.3.2 in [24]). For wy € [0,1], wy = 1 —wy,
and probability measures vy,vy,v € Pa(RY),

leVQZ(Vl,V) + w2W22(l/271/)
< wiwa W3 (v1,v2) + W3 (Y, (w2), V)

where v is a geodesic curve as in Proposition 4. Moreover,
the inequality reduces to equality when the local curvature of
(P2(RY), W) is zero, which is the case when vy,vy and v
are Dirac measures.

From Lemma 5, we have that the Wasserstein distance
satisfies condition (5) with the geodesic v as a merging
function and with D;(v1,10) = t(1 — t)W3 (11, 10).

Proposition 6 (Thm 2.2 [25], [26]). The Wasserstein distance
between two Gaussian distributions is given in closed-form by

Wi (N (1, 51), N (p2, 52)) = |lpa — pal” + tr Sp + tr 3o

—2tr(S1/25, 21212

Consider now the subspace N C Po(R?) composed
of d-dimensional zero-mean Gaussian probability measures
and denote by P(d) the set of positive semidefinite matrices
in R4, The next proposition states that N¢ is a totally
geodesic submanifold of P2 (R9), i.e., any two points in N
are connected by a geodesic that lies in N{.

Proposition 7 ( [27], Example 1.7; [25]). For N'(0,V) € N
and N'(0,U) € N&, with U,V positive definite, define

T .= U1/2(U1/2VU1/2)—1/2U1/2

and
T@):=0tI+Q-0)T|V[tI+ (1 —-¢)T] .

7

Then N(0,T'(t)) is a geodesic from N(0,V) to N(0,U)

n (Po(RY), Wh). In addition, T'(t) is itself a geodesic on
the space P(d) endowed with the metric We(U,V) =
Wa(N(0,U), N(0,V)).

From Proposition 6, we see that the submanifold of Gaus-
sian measures can be parametrized by the direct sum of
R?, equipped with the Euclidean distance, and P? equipped
with the Wasserstein metric. Therefore, the full geodesic from
N(p1,U) to N(ug, V) is given by N((1 — )y + tus, T'(t)).

B. Approximations of the Wasserstein Geodesics

The geodesics given by Proposition 7 require the com-
putation of matrix square roots, which is disadvantageous
from the perspective of computational time. For example, this
operation may be many times slower than a matrix inversion or
the Cholesky decomposition. We investigate faster alternatives
from approximations of the Wasserstein geodesic.

Two alternative merging functions that come easily to mind
are the arithmetic and harmonic matrix means. One can show
that the harmonic mean leads to a bounded D, whereas the
arithmetic mean leads to unboundedness. However, it turns
out (as verified empirically) that the arithmetic mean gives a
tighter approximation of the Wasserstein geodesic for small
distances. This assertion is related to the following theorem.

Theorem 8. For positive definite matrices 1 and Yo, the
Wasserstein distance between them is upper bounded as

1 _
Wi (31,%,) < Ztr(zl —Y)E (D - 8) .

Proof. Let v(t) = ¥1 + (X2 — X1)), ¢t € [0,1], be a non-
geodesic curve connecting 31 and 3o on P(d). Since Ws is a
geodesic distance, it is upper bounded by the length of ~(¢).
In order to compute the length of ~(t), we first consider the
expression for the metric tensor g that induces W, and that is
given in [26, Equation (32)]:

R 3) LIS A

=1 j=1

where ¥ = diag(o1,02,...,04) € P(d) and the tangent
vector U = [u;;] is a symmetric matrix in R?*¢. Making
use of the fact that 40,0, < (0; + 0;)%, we have that

d
0i0j —1, 2
gE(U,U) ZZmO’] uij (21)
i=14=1 " J
d d
<ZZ}U_1 2 —ftrUZ u . (22)
= 4 7}] -

Q
Il

_

<.

H

Since tr UX 71U is invariant under similarity transformations
(and so are arc lengths), it also defines an upper bound
when Y is non-diagonal. Incidentally, one can verify that
this bound is tight in the sense that, under the metric
g=(U,U) = 1/4tr US U, the geodesic I'(¢) in Proposition
7 has constant speed and has length equal to the Wasserstein
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distance. Moreover, we see from (22) that the two metrics
coincide in the scalar case as the inequality becomes equality.

Now we can find an upper bound on the arc length of ~(¢)
using the upper bound on the metric above. From the definition
of arc length:

W (X1,%2) = (/ A/ gr dt)
< ( / Va0 G0 3(0) dt) < / 0y (4(8), 3(0))

where the first inequality follows from the minimizing prop-
erty of geodesics and the second one follows from convexity.
Using the metric g above, and rearranging terms such that we
have an analytic function of the matrix Z = ¥ 1 2222_1/ 2

I in the integrand, we have

W3 (21, %)

< /01 itr(Ez —321) (B + (22— El))_l (X2 — %) dt

tr(Sy — )%, /2

4
1 -1

></ ([+t( P IRETAD 38 S 1)) dtx STV (8 —5)
0

(e 2R 22 (1 4 2)8 A (8 —

7 $) .

Using the fact that In(Z + X) < X for a semidefinite matrix
X, we have

1 _
W3 (31, %,) < Zm«(zz —E)ET (e - 8) .

O

From Theorem 8 and its proof we see that the Wasserstein
geometry approximates the Euclidean geometry when 21_1 and
35 ! are close enough so that I'(¢)~! is approximately con-
stant. This suggests the approximation of v; by the arithmetic
mean Ms, s, (t) and of D; by (1 — t)W2(31, My, 5, () +
tW3 (s, My, x,(t)) so that

Dy(Sh, 5s) ~ itQ(l — #) min {tr(Sy

tr(S1 — o) Msy 5, ()

—2)ET (2
— 22)}
—32)55 H(Z1 — 5a),

- o),
(1

+ it(l — ) min {tr(Z
tr(S1 — Do) My, 5, () (S1 - 2)}

where the symmetry of the Wasserstein distance was used
to choose the smallest of the two possible bounds. In our
experiments, to avoid the computation of inverses, we adopt
the loose approximation

min{Z7", My, 5, ()7}
~ diagm(max{diag(%;)

(23)
~! diag(Ms, x,(1)7'})

where the maximum is taken elementwise and where diag(-)
denotes the vector of diagonal elements of a matrix and
diagm(-) indicates the diagonal matrix with given entries.

C. Controlling the Mean Absolute Estimation Bias

In this section we show how a proper choice of a Wasser-
stein distance may be used to control the mean absolute
estimation bias. To this purpose, we extend the definition of
W, above to W, i by replacing the Euclidean norm by the
matrix weighted norm ||-|| g, for some positive definite matrix
H.

We restrict our analysis to the system presented in Section
I to take advantage of its mode-independent dynamics in
order to obtain formal bounds between the time-averaged mean
absolute estimation bias and the Wasserstein distance.

Proposition 9. For the hybrid system presented in Section II,
consider the prior probability ¢ given by the N-component
Gaussian mixture

N N )
¢ = Zwld), = Zwi/\/(ui@
=1 =1

and its N.-cluster approximation given by the probability
density

z
Z

o= Wip; = ‘ WiN (fij, 2)
1 j=1

<.
Il

<
Il

where, for each cluster C;, w; = Y. ec, Wi Hj =
ZzEC w; /W, p; and Y. is the posterior covariance at equi-
librium. Let Ty and Ty denote the posterior estimates of
), when xg is distributed with priors ¢ and (/3 respectively.
Assume that the covariance of posterior means contracts over

time (due to observations) with a rate &
~ 7 _k ~
E |Cova, . (fijkn) | o ~ ¢ < a"Cova, (f15) ,

where [i; . is the posterior mean of xy, for prior q~5j con-
ditioned on the n-th possible mode sequence mffk, n =
1,...,M* and Wj kn IS the associated posterior weight.

Let L be the Kalman gain at equilibrium and denote the
initial intra-cluster deviations by Ap; o = 1; — fi;, for i € C;.

Then, for constants A1, 2 > 0, v € (0,1), v < 51 <
yil‘)‘max(A - LCA)|72 and Y < 52 < (Yo_‘)il’ the
discounted expected absolute estimation bias in a given Q-
norm is upper-bounded by a function of the initial cluster
deviations as follows:

o0

S VR Elllawg — Errllol <

k=1
N,
o0 3 G Wh (00s) o s 2

j=1 i€C;

)\20&

1 —vBaa

where 0} = tr QCovyg, (fij), ¥~! =
and

o5+ 0 (||Aﬂi,o||4§7

)

A(ASA' + R,) 'A

))

0=2 (25)

A 1 At At
H = ( ZLHg + < o2
1—yB'  1-v6;
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and Hg, satisfies the Lyapunov equation
YBI(A_LCA)/Hﬂl (A_LCA)_Hﬁl

Proof. Define the likelihood function for the output sequence
y1:% and the n-th possible mode sequence mgnk) as

Ligen =/p (ym,mg%mo,xo) ¢i(xo)dxo

and define /. j.k,n analogously for é Likewise, denote by 14 1 »
and [ i the posterior means at time k corresponding to the
n-th mode sequence and to priors ¢; and ¢; respectively.

Then, by the hidden Markov structure of the process, the
posterior means Ty and Ty, are given by the sum of the
means for the continuous filters weighted by the posterior
probability for each component:

- o wilign Wiljkn -
Tifk = Trr = — Hijen = > = Fakn
k k

“n Jm

_Zzwlelkn Hikn — Mj,kn)

Jsm i€Cy

_E: w;t Jkn_

wilikn | -
§ A Hikmn

i€C;

where /;, = Zm wil; k. and U = ZJ n wjﬁj k,n and where
in the last equality we collected the intra- and inter-cluster
deviations in separate terms.

Now, recall that the estimation error e; for each Kalman
filter is such that

Chkt1 = (I - LC)Aek + Lvg, — (I — LC)wk

Therefore, if two Kalman filters are initialized with means
that differ by Ap, this difference will evolve with k ac-
cording to (A — LC' A)* Ay independently of the noise. This
implies that the same evolution will apply for the hybrid
system when we compare posterior means with equal mode
sequences mj.;. Therefore, denoting mean deviations by
Apip = (A — LCA*(u; — i), i € C;, and defining
Uik = Dicc, Wilin /W, We can write

wz 7., n
Thpe — Fpp =D D B Api g — Zwm],k n  (26)
J:m i€Cj
ijn ijn) 'Lkn_Jkn
. AL LR A e — Aﬂi,k

sk Likn ) i
_ij ( T — ]gkn> (g ken — frele)

where in the last equality we used the fact that
Ziecj w;Ap; , = 0 and introduced the full posteriors mean

Pkl = 25 ’J)]lzkn/gk fj k.n multiplying a zero-sum term.
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+(A-LCAYQ(A-LCA) =0

Taking the matrix weighted norm and expectations on ¥;.; and

my., (multiply by ¢; and integrate), we have

Elllzke — Trkll o]

<ZzwzHAﬂlk”Q/|€zkn_ jkﬂ'dylk

Jsm i€Cy

Citm Uk
+Sa o |k CE
> o [ G

1)k,
gj,k,n s

- ﬂk\k”@dyl:k )

27

where we used the fact that the Kalman filter mean differences
Ap; ; do not depend on yj,. Summing and subracting 1 in the
argument of ||, the last term of (27) can be bounded by

/Zw] ”k”(e
kg

([ S ot

7,k

0,

k

J,k,n _ 1' +

- 1‘) Hﬂj,k,n - ﬂk|k“@dy1;k

g,k

5 1/2
dyl:k) Varq (fij,nn)'/?

by
Ly

) 1/2
dyl:k) Varg (fijrm) '/

+ (/Zw]g],kn
Jn

1/2
I S \1/2 _
(ijXQ(fj,k,nlj,k,n)) +(X2(4k74k)) Varg (fijen)'/?
i

1/2

Varg (i rn)'?

<2 ijzix zkn:ej,kn)

i€Cy

where the first inequality follows from Holder’s inequality and
Varg(fijkn) is the expected variance of the cluster centers
for prior ¢; the equality follows from the definition of x?
Section IV and the last inequality follows from the convexity
of f-divergences applied to the x? functions.

In order to compute the divergences between ¢; ., and
Ej,k,n, we note that p(yi1.x|mo.k, To ~ ¢;) is a multivariate
Gaussian distribution that may be computed in closed form
offline. Since the likelihoods tend to grow apart with time,
one may use p(y1.00|To ~ ¢;) to obtain an upper bound on
their divergences. Alternatively, we provide in the sequence a
looser bound that may be applied in more general situations.

To compute the f-divergence between likelihoods, note that
Cijom = () (z0)d
ik,n p yl:k>m1;k‘m07x0 ¢z($0) X0

:/ (y1 ey m{"” xl) 7Tm<1n>|mO¢j(x1|m§”))dx1 ;
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where ¢; (x1|m1) denotes the prior probability of x; given
xo ~ ¢; and mq. Then,

Df(glkMJkn /Zejknf<lk’n)dy1:k

(n) ]kn

n)
S/Z/ y1k7m2k|m1 7$1>7ngn)|m0
mg@n)

TR £ s GO A
¢]( 1lmy™) f (¢j(m1|m1 )) T104Y1:k

o) p (5 (@ilmi)
; T m{™ |mq /gb+ 1lmy”’) (q; ($1|m(n))> dz1

where the inequality follows from the convexity of the map
(p,q) — qf(p/q), which allows us to pull out from it the
integration on dx.

Given that (ij and ¢;" both have covariance ¥ := AY A’ +
R,, and means that differ by AAu; ¢ for all n and m, we
can apply the previous equation and (19) to obtain

X Wity Ui o) < X2( j,ﬂgj)
—oxp (A AT 4D ) 1
= Api g A'ST ADpi o
+ O((Ap; g A'ST AAp 0)?)

(28)

From the inequality between the Hellinger divergence and
the total variation given in [28], we obtain:

(Z/wi,k,n - g', ,

N 1 _
< 8H(¢f,9)* =8 (1 — exp <—8Au;)OA’2;1AAm,O>)

< Apj o A'ST AAp o

2
; ) < 8H(Lins L)

where we used the expression for H? derived from (16) and
the fact that 1 — e % < .

Neglecting higher order terms, we replace these bounds in
(27) and apply Holder’s inequality once again, to find that

1/2
Hlxk|k - xklk”Q Zw] Z |A'Uz 0”2 1
= i€C;
. . 1/2
X Zﬂ)j Z TZ + 2O7k/20'0 R
. w
j=1 i€Cy

where 71 := A'S 1A and where we used the assumption
in the propos1t10n to bound Varg (jij.xn)/?.

To compute the discounted cost, we apply Young’s inequal-
ity twice with factors Alﬁf ~Land )\, 5§ ~! to upper bound the
products of the square roots by sums and find that
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oo

Z Y Ellzin — Frell Q]

k=1
N, 0o 71 1-k
~ w; _ 15 B
< wj Ezyk ! HA/JHC”Q A 21
j=1 ieC; 7 k=1
)\251671 71ﬂ
Nl + 2252 oy 1 20
Ao x e
2 2
AR I DOE LAV I
1—Y0é,82 j=1 1€C;
(29)

where we used the fact that Hg, = > 7o (v81)* 1[(A
LCA)1*Q[A — LC AJ%. From Proposition 6, the last term in
(29) is the sum of the )/\/22 g distances as given in (24). [

Remark 4. An important consequence of Proposition 9 is
that, by picking an appropriate H-norm for the Wasserstein
distance, we are able to control the mean absolute error for a
given Q-norm within the framework of Section IIl. Neverthe-
less, this bound on the error cannot be made arbitrarily small
due to the constant term depending on 0(2). Compared to (18),
we see that the weight matrix H is a linear combinantion of a
functlon of the weight matrix QQ and of the inverse covariance
—%, which appeared in (18).

The contraction with rate & assumed in the proposition is
a consequence of weight degeneration in Bayesian filtering,
where, as time evolves and we take more process observations,
one hypothesis will tend to have weight one whereas the other
weights will tend to zero.

In choosing H, it would be interesting to enforce the
contraction property (A— LCA)'H(A— LCA) < aH so that
the filter would give a contraction in this particular Wasserstein
space. By definition, this property is already satisfied by
Hpg,, but it may not be satisfied by 3! Nevertheless, this
contraction property is true for the posterior covariance ¥,
which could have been used instead of ! in the derivations
preceding (28).

In practice, we expect the term associated to oy to be much
smaller. To see this, note that the last term in (26) is the
covariance between the approximation error in cluster weights
and the position of cluster centers. The correlation coefficient
between these variables is expected to be small. Since this
term takes an average over N, weight errors at time 0, those
of which are not strongly correlated, it would be reasonable
to expect an asymptotic correlation coefficient pg/+/N.

In order to optimize H, we may take the expected value
on Ao in (24) and assume that, given some (steady-
state) covariance matrix Yo for mean vectors, variance is
homogeneously distributed among clusters so that

tI‘HZO

N, (30)

Nc

N w;
Zwa‘ Z iAﬂg,OHANi,O ~
j=1

i€Cy J
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and 08 < tr@>p. Then, we search for the parameters that

minimize such an expected value: the factors Ai,[3; that
minimize

Ay tr Hp, Yo + N tr31%,

' 1—vp;!
and the factors Ay, 82 that minimize
trQXo + Ay truly
—trJuo + ————g tr 0 -

1- YﬁQO‘ 1-— YBQ 1
Note that the actual values of N, and (the amplitude of) >,
do not play a role in this optimization as they contribute to
both terms in (24).

Also noteworthy, the expected value of W22 7 given in (30)
is consistent with the assumption in Section IIT that E[A(®)] is
constant under policies where N is constant, given that N,
would be a constant over time in this case.

4p(2))\207

VI. NUMERICAL EXPERIMENTS

We conducted numerical experiments for the system de-
scribed in Section II considering the discretized motion of a
point on the line with linear friction coefficient ( and with
noisy position and acceleration measurements:

Lok 0
A=10 1-¢% T, , B=10
T2 1
0 (T, 1-¢%
10 0
C—[oo 1}’

where T = 0.1. The noise covariances were given by R, =
diagm(2 - 10*,0.1) and R,, = % - diagm(1075,107°,107).
The packet drop probability was py = 0.4. The input v was
given by the signal uy, = 5-10~*sin(27k 20/T)+4.6-10~ 2w,
where w is a unit-variance white Gaussian noise and where
T = 3000 is the total simulation time.

A. First scenario: two modes and no friction

For the first set of experiments, we defined ¢ = 0 and run
125 different realizations (the same set of 125 realizations was
used in each filter) so as to obtain at least 4% precision in the
time cost estimates and at least 2% precision in error cost
estimates. We considered average costs (discount factor y =
1.0) instead of discounted costs.

As a common metric for all filters, we compare the
absolute estimation error weighted by a matrix @ =
diagm (500, 20, 1)2~'diagm(500, 20, 1), for 3 being the pos-
terior covariance at equilibrium. This norm indicates that we
give 500 and 20 times more importance to the estimation error
of the position and of the velocity respectively. As in the
asymptotic formula (18), f-divergences are more efficient at
minimizing estimation errors weighted by X~'. In this sense,
our choice of () is to highlight that the Wasserstein distance
can adapt to user-desired metrics whereas the f-divergences
cannot.

The value of H was obtained as described in the previous
section setting po = 0.14 and @ = M ~! = 0.5. For the sake
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of comparison, we give the Cholesky factors of the computed
(normalized) H and ¥~! matrices

1.0 —5.67 —69.88
chol(H)ox | 0 2211 —5.72
0 0 170.97

and
) 1.0 —21.48 177.58
chol(X™ N | 0 1692 —227.61
0 0 288.45

The angle between these two matrices as given by the trace
inner product is of 59.5°, which demonstrates a substantial
deviation from the behavior of the information divergences as
given by (18). In addition, we have that Ay’ H Ay contracts
under the action of (A — LC'A) with rate o < 0.99842.

‘'~
0.075 N — KLControl
: \ — - W2Fixed
0.050 - s — - KLFixed
= \ ----- RevKL
2 0.025 —— Hellinger
8§ ooxsf
s
e 0.000
o
8 -0025F
-0.050 -
<0075 .+
5 4 -3 2 1 0
-log10(Beta)
Fig. 1. Average total cost for ¢, = |lex||Q+B7, computed from time and

realization averages of the simulated estimation errors e, and computation
times 7y in the first scenario. Each line corresponds to the optimal tuning
of the respective algorithm for a given . Labels refer to Algorithm 1 using
Kullback-Leibler (KL), Wasserstein (W2), Hellinger and Reverse Kullback-
Leibler (RevKL) as divergences. The labels W2Fixed and KLFixed refer
to setting ko = O (no control) in Algorithm 1 and varying Nmax from 2 to
17 components. The remaining curves refer to Algorithm 1 with Nimax = 30,
the best value of ko for each 3, and 79 in (14) given by 6.63 for W, 3.9
for KL, 4.45 for H2 and 3.28 for RKL. Costs are normalized by the cost
achieved by the Wasserstein distance (W2Control, shown as O in the plot).

We have performed experiments with all the proposed di-
vergences. For the sake of comparison, we have also tested the
case in which the number of reduced components is fixed as
in the Runnalls’ approach of [3] so that there is no closed-loop
precision control. For the case of the Wasserstein distance, we
only present here the results for the approximation given by
(23) as they are significantly faster.

The results are summarized in Figures 1 and 2. A first
conclusion is that controlling the number of components
provides an improvement as compared to using a fixed number
of components. A second conclusion is that the KL divergence
is the most error efficient when we require smaller processing
times but it is the worst when we allow larger processing
times. We believe this performance degradation is due to the
moment preserving merge of (15) that, even when the merged
covariance matrices are at equilibrium and are equal, gives
a different covariance matrix. The Wasserstein distance gives
the best results when smaller errors are required. This result
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is expected given that the bounds in Proposition 9 are tighter
for smaller errors.

110 —— W2Control
—— KLControl
— - W2Fixed
— - KLFixed
----- RevKL
1.08 —&— Hellinger
z
© 106
[
)
S
B
= 1.04
1.02
1 1 1 1 1
-33 -3.0 -27 -24 -21
log10(Time Cost)
Fig. 2. Estimation error cost versus processing time cost for different

parameters ko (and hence different user-defined preferences ) and Nmax
in Algorithm 1 as described for the curves in Figure 1.

B. 2nd scenario: switched friction with a total of four modes

In a second set of experiments, we considered the scenario
where the friction coefficient ¢ is an unknown switching
process. At each time-step, ¢ assumes the value 1 with
probability 0.8 and the value 10 with probability 0.2. As a
consequence, we have a total of 4 unknown modes and the
matrix A may change with the mode. In this case, however,
there is no equilibrium value for the covariance matrices and
the analysis from Section V-C does not hold.

The matrices () and H were chosen as in the previous
section, but considering the approximation that ¢ = 1 would
hold long enough for the covariances to reach an equilibrium
3. Again, we run 125 different realizations so as to obtain at
least 5% precision in the time cost estimates and at least 7%
precision in error cost estimates.

The results shown in Figures 3 and 4 indicate that the
closed-loop control of the number of components has become
more advantageous as the number of modes increased. On
the other hand, we notice that in the new scenario the KL
divergence gave the best performance for all time preferences.
To interpret such a change in performance, recall that the
covariance matrices are no longer at equilibrium and consider
the notion of entropic means discussed in Section IV. Notice
that KL is the only divergence whose entropic mean is the
arithmetic mean of the pdfs. Since the pdf of a mixture
is itself an arithmetic mean, the KL divergence is the only
information divergence with the correct target. Regarding the
drawback associated with the moment preserving merge that
we discussed earlier, it seems to not be as important given that
covariances no longer are at equilibrium.

015 === KLControl

= - W2Fixed
=+ KLFixed
----- RevKL

= Hellinger

0.10 -

0.00 -

log10(Total Cost)

-0.05f

010 . . . . .

-log10(Beta)

Fig. 3. Best average cost achieved in the second scenario by each divergence
as a function of the the processing time weight 5. The remaining settings were
as in Figure 1. Costs are normalized by the cost achieved by the Wasserstein
distance (shown as O in the plot).

—— W2Control
18 —— KLControl
— - W2Fixed
— - KLFixed
..... RevKL
17r —<4— Hellinger
:g 1.6
8 "
g
)
S 15f
<3
kel
14
131
1 1 1 1 1
-2.75 -2.50 -2.25 -2.00 -1.75
log10(Time Cost)
Fig. 4. Estimation error cost versus processing time cost for different

parameters kg and Nmax in Algorithm 1 for the second scenario as described
for the curves in Figure 3.

When comparing the performance of 7? and RKL, we see
that the latter gives better results in most scenarios. This might
be due to the fact that the error bound given in Proposition
2 for RKL is tight whereas the error bound for #? is overly
conservative. At the same time, the proposition gives the same
merging function for both divergences.

Lastly, one must acknowledge that these algorithms were
designed to minimize the probability divergences between the
true posterior and its approximation and that this goal might
not be directly related to the minimization of the estimation
error. For this reason, the lack of monotonicity or convexity of
the graphs in Figures 2 and 4 should not come as a surprise.
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VII. CONCLUDING REMARKS

This paper presented an optimal control formulation to the
problem of controlling the precision of Bayes filters where the
number of filter hypotheses grows exponentially and truncation
is needed. A new approach to probability divergences was
introduced in order to keep track of the aggregated approx-
imation error due to successive truncations. Our numerical
results show that there is an improvement coming from the
closed-loop control of the precision. On the other hand, results
were not conclusive in the sense of demonstrating that one
divergence measure gives superior performance in all cases.

The derivations in Section V-C suggest that the present
framework may be successfully adapted to the case of a bank
of H, filters such as those given in [29]. The LMI-based
procedure to derive the Hs filters provides, at the same time, a
Lyapunov function that may be used to generate a Wasserstein
distance that contracts along filtering operations.
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