Chapter 6

Design of Information Channels
for Optimization and Stabilization
in Networked Control

Serdar Yiiksel

6.1 Introduction and the Information Structure Design Problem

In stochastic control, typically a partial observation model/channel is given and one
looks for a control policy for optimization or stabilization. Consider a single-agent
dynamical system described by the discrete-time equations

Xi+1 =f(xtvulth)v (61)
Vi =g(xt3 Ul)a Z‘ZO, (62)

for (Borel measurable) functions f, g, with {w,} being an independent and identi-
cally distributed (i.i.d.) system noise process and {v;} an i.i.d. measurement distur-
bance process, which are independent of xo and each other. Here, x; € X, y; € Y,
u; € U, where we assume that these spaces are Borel subsets of finite dimensional
Euclidean spaces.

In (6.2), we can view g as inducing a measurement channel Q, which is a stochas-
tic kernel or a regular conditional probability measure from X to Y in the sense that
Q(-|x) is a probability measure on the (Borel) o -algebra B(Y) on Y for every x € X,
and Q(Al-) : X — [0, 1] is a Borel measurable function for every A € B(Y).

In networked control systems, the observation channel described above itself is
also subject to design. In a more general setting, we can shape the channel input
by coding and decoding. This chapter is concerned with design and optimization of
such channels.

We will consider a controlled Markov model given by (6.1). The observation
channel model is described as follows: This system is connected over a noisy chan-
nel with a finite capacity to a controller, as shown in Fig. 6.1. The controller has
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Fig. 6.1 Control over a noisy channel with feedback. The quantizer and the channel encoder form
the coder in the figure

access to the information it has received through the channel. A quantizer maps the
source symbols, state values, to corresponding channel inputs. The quantizer out-
puts are transmitted through a channel, after passing through a channel encoder. We
assume that the channel is a discrete channel with input alphabet M and output
alphabet M’. Hence, the channel maps g € M to channel outputs ¢’ € M’ prob-
abilistically so that P(q’|q) is a stochastic kernel. Further probabilistic properties
can be imposed on the channels depending on the particular application.

We refer by a Composite Coding Policy IT°°™P, a sequence of functions
{Qfomp, t > 0} which are causal such that the quantization output (channel input)
at time 7, g, € M, under I7°°™P is generated by a function of its local information,
that is, a mapping measurable on the sigma-algebra generated by

I = {x[O,t]vq[/O,t—l]}
to a finite set M, the quantization output alphabet given by
M ={1,2,..., M},
forO<t<T —1andi =1,2. Here, we have the notation for ¢ > 1:
X[0,i—1] ={x5, 0 <s <t —1}.

The receiver/controller, upon receiving the information from the encoders, gen-
erates its decision at time ¢, also causally: An admissible causal controller policy is
a sequence of functions y = {y;} such that

vy ML SR >0,

so that u; = y; (q[’o’t]).
We call such encoding and control policies, causal or admissible.
Two problems will be considered.

Problem P1: Value and Design of Information Channels for Optimization
Given a controlled dynamical system (6.1), find solutions to minimization problem

T—1
inf ETY [Z e(xr, u,)} , (6.3)

Hcomp,y
t=0
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over the set of all admissible coding and control policies, given ¢ : X x U — R,
a cost function.

Problem P2: Value of Information Channels for Stabilization The second
problem concerns stabilization. In this setting, we replace (6.1) with an n-
dimensional linear system of the form

Xi+1 =Ax; + Bu; +w;, t>0 (6.4)

where x; is the state at time ¢, u, is the control input, the initial state xq is a zero-
mean second order random variable, and {w,} is a sequence of zero-mean i.i.d.
Gaussian random variables, also independent of xp. We assume that the system is
open-loop unstable and controllable, that is, at least one eigenvalue has magnitude
greater than 1.

The stabilization problem is as follows: Given a system of the form (6.4) con-
trolled over a channel, find the set of channels Q for which there exists a policy
(both control and encoding) such that {x;} is stable. Stochastic stability notions will
be ergodicity and existence of finite moments, to be specified later.

The literature on such problems is rather long and references will be cited as
they are particularly relevant. We refer the reader to [56, 63], and [58] for a detailed
literature review.

6.2 Problem P1: Channel Design for Optimization

In this section, we consider the optimization problem. We will first consider a single
state problem and investigate topological properties of measurement channels.

6.2.1 Measurement Channels as Information Structures

6.2.1.1 Topological Characterization of Measurement Channels

Let, as in (6.2), g induce a stochastic kernel Q, P be the probability measure on the
initial state, and P Q denote the joint distribution induced on (X x Y, B(X x Y)) by
channel Q with input distribution P via

PQ(A):/Q(dy|x)P(dx), AeBXxY).
A

We adopt the convention that given a probability measure p, the notation z ~ u
means that z is a random variable with distribution .
Consider the following cost function:

T—1
J(P,Q,y)= ES”[Zc(x,,m} (6.5)

t=0
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over the set of all admissible policies y, where ¢ : X x U — R is a Borel measurable
stagewise cost (loss) function and Eg’y denotes the expectation with initial state
probability measure given by P, under policy y and given channel Q.

Here, we have X = R” and Y = R", and Q denotes the set of all measurement
channels (stochastic kernels) with input space X and output space Y.

Let {u,, n € N} be a sequence in P(R"), where P(R") is the set of probability
measures on R”. Recall that {u,,} is said to converge to u € P(R") weakly [5] if

/ ()t (dx) — / c(x)(dx)
R” R”

for every continuous and bounded ¢ : R” — R. The sequence {x,} is said to con-
verge to i € P(R") setwise if

pn(A) = u(A), forall A € B(R")
For two probability measures p, v € P(R"), the fotal variation metric is given by

liw—vllzy :==2 sup |w(B)—v(B)]
BeB(Rm")

= sup
Fillflloo=1

’

/f(x)u(dX)—/f(x)v(dx)

where the infimum is over all measurable real f such that || f|lcoc = sup,cgn | f(X)| <
1. A sequence {u,} is said to converge to u € P(R") in total variation if
ln — pllry — 0.

These three convergence notions are in increasing order of strength: convergence
in total variation implies setwise convergence, which in turn implies weak conver-
gence.

Given these definitions, we have the following.

Definition 6.1 (Convergence of Channels [63])

(i) A sequence of channels {Q,} converges to a channel Q weakly at input P if
PQ, — PQ weakly.
(i) A sequence of channels {Q,} converges to a channel Q setwise at input P if
PQ, — PQ setwise, i.e.,if PQ,(A) — PQ(A) for all Borel sets A C X x Y.
(iii) A sequence of channels {Q,} converges to a channel Q in total variation at
input P if PQ, — P Q in total variation, i.e., if |PQ, — PQ|rv — 0.

If we introduce the equivalence relation Q = Q' if and only if PQ = PQ’,

0, Q' € Q, then the convergence notions in Definition 6.1 only induce the corre-
sponding topologies on the resulting equivalence classes in Q, instead of Q. Let

T-1
J(P, Q) := ir}}ng’V [Z c(xr, y,(y[o,t])):|.
t=0



6 Design of Information Channels 181

In the following, we will discuss the following problems.

Continuity on the space of measurement channels (stochastic kernels): Suppose
that {Q,,n € N} is a sequence of communication channels converging in some
sense to a channel Q. Then the question we ask is when does O, — Q imply

lnf J(Pa Qna V)_> lnf J(P’ Q7 y){)
yell yell

Existence of optimal measurement channels and quantizers: Let Q be a set of com-
munication channels. A second question we ask is when do there exist minimizing
and maximizing channels for the optimization problems

T-1 T—1
PP 0.y . 0.y
inf inf E E c(xg, uy) and sup infE E c(x;,up)|. (6.6
QGQ 4 g {t=0 ( [ t } QG% 4 g |:t=0 ( l t)] ( )

If solutions to these problems exist, are they unique?

Before proceeding further, however, we will obtain in the next section a structural
result on such optimization problems.

6.2.1.2 Concavity of the Measurement Channel Design Problem and
Blackwell’s Comparison of Information Structures

We first present the following concavity results.

Theorem 6.1 [61] Let T = 1 and let the integral fc(x, y(y)) P Q(dx, dy) exist for
all y € T and Q € Q. Then, the function

J(P, Q) = leel; EZ7 [c(x,u)]
is concave in Q.
Proof Fora e[0,1]and 0/, 0" € Q,let 0 =a Q' + (1 —a)Q" € Q, ie.,
O(Alx) =aQ'(Alx) + (1 —a) Q" (Alx)
for all A € B(Y) and x € X. Noting that PQ =aP Q'+ (1 —a) P Q”, we have

J(P,0)=J(P,aQ +(1—a)Q") = inf ES”[c(x,u)]

f
yel
= inf /c(x,y(y))PQ(dx,dy)

yel

= inf_((x/c(x,y(y))PQ/(dx,dy)

ve
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+d —a)/c(x,y(y))PQ”(dx,dy))
> inf <a[c(x,y(y))PQ’(dx,dy)>

yel

+ inf ((1 —oz)/C(Jmy(y))PQ”(dx,dy))

yel
=aJ(P.Q)+(1-)J(P. Q") ©.7)
proving that J (P, Q) is concave in Q. O

Proposition 6.1 [61] The function

V(P) := inf/c(x, u)P(dx),
uel
is concave in P, under the assumption that c is measurable and bounded.

We will use the preceding observation to revisit a classical result in statistical
decision theory and comparison of experiments, due to David Blackwell [4]. In a
single decision maker setup, we refer to the probability space induced on X x Y as
an information structure.

Definition 6.2 An information structure induced by some channel Q; is weakly
stochastically degraded with respect to another one, Q1, if there exists a channel Q’
onY x Y such that

Qz(BIX)=/YQ’(B|y)QI(dYIX), BeB(Y), xeX

We have the following.

Theorem 6.2 (Blackwell [4]) If Q2 is weakly stochastically degraded with respect
to Q1, then the information structure induced by channel Q1 is more informative
with respect to the one induced by channel Q- in the sense that

inngz’y [c(x,w)] = inngl’y [c(x, w)].

Y Y
for all measurable and bounded cost functions c.
Proof The proof follows from [61]. Let (x, y!) ~ PQ;, y* be such that Pr(y? €
Blx =x,y!' =y)= Q/(B|y) forall B e B(Y), y! €Y, and x € X. Then x, y', and

y2 form a Markov chain in this order, and therefore P(dy2|y1 LX) = P(dy2|y1) and
P(x|dy?, y') = P(x|y"). Thus we have

J(P,02) = f V(P(1y*))P(dy?)



:/V(/P(.|y1)P(dy1|y2)>P(dy2)
= [([ Pas'ivdviees)pa)
= [viee( [ ') ea)

=fv(p(.|yl))p(dyl)=J<P,Qo,

where in arriving at the inequality, we used Proposition 6.1 and Jensen’s inequal-
ity. O

Remark 6.1 When X is finite, Blackwell showed that the above condition also has a
converse theorem if P has positive measure on each element of X: For an informa-
tion structure to be more informative, weak stochastic degradedness is a necessary
condition. For Polish X and Y, the converse result holds under further technical
conditions on the stochastic kernels (information structures), see [6] and [10].

The comparison argument applies also for the case T > 1.

Theorem 6.3 [60] For the multi-stage problem (6.5), if Q> is weakly stochastically
degraded with respect to Q1, then the information structure induced by channel Q1
is more informative with respect to the one induced by channel Q, in the sense that
for all measurable and bounded cost functions c in (6.5)

J(P, Q1) < J(P, 02).

Remark 6.2 Blackwell’s informativeness provides a partial order in the space of
measurement channels; that is, not every pair of channels can be compared. We
will later see that, if the goal is not the minimization of a cost function, but that of
stochastic stabilization in an appropriate sense, then one can obtain a total order on
the space of channels.

6.2.1.3 Single Stage: Continuity of the Optimal Cost in Channels
In this section, we study continuity properties under total variation, setwise conver-
gence, and weak convergence, for the single-stage case. Thus, we investigate the

continuity of the functional

J(P, Q)= iryle}?'V[c(xo, uo)]

= inf [ e(wy0)Q@rinP@y 638)

el Jxxy
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in the channel Q € O, where I is the collection of all Borel measurable functions
mapping Y into U. Note that y is an admissible one-stage control policy. As before,
Q denotes the set of all channels with input space X and output space Y.

Our results in this section as well as subsequent sections in this chapter will
utilize one or more of the assumptions on the cost function ¢ and the (Borel) set
U C Rk:

Assumption 6.1

Al. The function ¢ : X x U — R is non-negative, bounded, and continuous on X x
U.

A2. The function ¢ : X x U — R is non-negative, measurable, and bounded.

A3. The function ¢ : X x U — R is non-negative, measurable, bounded, and con-
tinuous on U for every x € X.

A4. U is a compact set.

Before proceeding further, we look for conditions under which an optimal control
policy exists, i.e., when the infimum in inf, Eg’y [c(x,u)] is a minimum.

Theorem 6.4 [63] Suppose assumptions A3 and A4 hold. Then, there exists an
optimal control policy for any channel Q.

Theorem 6.5 [63]

(a) J defined in (6.8) is not continuous under setwise or weak convergence even for
continuous and bounded cost functions c.

(b) Suppose that c is continuous and bounded on X x U, U is compact, and U is
convex. If {Q,} is a sequence of channels converging weakly at input P to a
channel Q, then J satisfies limsup,_, . J (P, Q,) < J(P, Q), that is, J(P, Q)
is upper semi-continuous under weak convergence.

(c) If c is bounded, measurable, then J is sequentially upper semi-continuous on
Q under setwise convergence.

‘We have continuity under the stronger notion of total variation.

Theorem 6.6 [63] Under Assumption A2, the optimal cost J(P, Q) is continuous
on the set of communication channels Q under the topology of total variation.

Thus, total variation, although a strong metric, is useful in establishing continuity.
This will be useful in our analysis to follow for the existence of optimal quantiza-
tion/coding policies.

In [63], (sequential) compactness conditions for a set of communication channels
have been established. Given the continuity conditions, these may be used to identify
conditions for the existence of best and worst channels for (6.6) when T = 1.
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6.2.2 Quantizers as a Class of Channels

In this section, we consider the problem of convergence and optimization of quan-
tizers.
We start with the definition of a quantizer.

Definition 6.3 An M-cell vector quantizer, Q, is a (Borel) measurable mapping
from a subset of X = R” to the finite set {1, 2, ..., M}, characterized by a mea-
surable partition {By, B2, ..., By} such that B; ={x: Q(x) =i} fori=1,..., M.
The B;’s are called the cells (or bins) of Q.

We allow for the possibility that some of the cells of the quantizer are empty.
Traditionally, in source coding theory, a quantizer is a mapping Q : R” — R” with
a finite range. Thus ¢ is defined by a partition and a reconstruction value in R” for
each cell in the partition. That is, for given cells {Bj, ..., By} and reconstruction
values {¢', ..., g™} C R", we have Q(x) = ¢' if and only if x € B;. In the definition
above, we do not include the reconstruction values.

A quantizer Q with cells {B1q, ..., By} can also be characterized as a stochastic
kernel Q from X to {1, ..., M} defined by

Q(”x):l{xeB,-}, i=1,...,M,

sothat Q(x) = Zfi1 qi Q(i|x). We denote by Qp (M) the space of all M-cell quan-
tizers represented in the channel form. In addition, we let Q(M) denote the set of
(Borel) stochastic kernels from X to {1, ..., M}, i.e., Q € Q(M) if and only if
Q(-|x) is probability distribution on {1, ..., M} for all x € X, and Q(i|-) is Borel
measurable forall i =1, ..., M. Note that Qp (M) C Q(M). We note also that ele-
ments of Q(M) are sometimes referred to as random quantizers.

Consider the set of probability measures

©:={tePR"xM):t=PQ.QeQ}

on R” x M having fixed input marginal P, equipped with weak topology. This set is
the (Borel measurable) set of the extreme points on the set of probability measures
on R"” x M with a fixed input marginal P [9]. Borel measurability of ® follows
from [40] since set of probability measures on R” x M with a fixed input marginal
P is a convex and compact set in a complete separable metric space, and therefore,
the set of its extreme points is Borel measurable.

Lemma 6.1 [63] The set of quantizers Qp (M) is setwise sequentially precompact
at any input P.

Proof The proof follows from the interpretation above viewing a quantizer as
a channel. In particular, a majorizing finite measure v is obtained by defining
v= P x A, where A is the counting measure on {I,..., M} (note that v(R" x
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{1,..., M}) = M). Then for any measurable B C R” and i =1, ..., M, we have
v(B x {i}) = P(B)A({i}) = P(B) and thus

PQ(B x {i}) = P(BN B;) < P(B) =v(B x {i}).

Since any measurable D C X x {1, ..., M} can be written as the disjoint union of
the sets D; x {i},i=1,..., M, with D; = {x € X' : (x, i) € D}, the above implies
PQ(D) < v(D) and this domination leads to precompactness under setwise con-
vergence (see [5, Theorem 4.7.25]). Il

The following lemma provides a useful result.

Lemma 6.2 [63] A sequence {Q,} in Q(M) converges to a Q in Q(M) setwise at
input P if and only if

/‘Qn(i|x)P(dx)—>/ Q@|x)P(dx) forallAeBX)andi=1,...,M.
A A

Proof The lemma follows by noticing that for any Q € Q(M) and measurable D C
Xx{l,...,M},

M
PQ(D)=/DQ(dyIX)P(dX)=Z/D Q(ilx)P(dx)
i=1 i

where D; = {x € X : (x,i) € D}. O

However, unfortunately, the space of quantizers Qp (M) is not closed under set-
wise (and hence, weak) convergence, see [63] for an example. This will lead us to
consider further restrictions in the class of quantizers considered below.

In the following, we show that an optimal channel can be replaced with an opti-
mal quantizer without any loss in performance.

Proposition 6.2 [63] For any Q € Q(M), there exists a Q' € Qp(M) with
J(P, Q") < J(P, Q). If there exists an optimal channel in Q(M), then there is
a quantizer in Qp (M) that is optimal.

Proof For apolicy y : {1,..., M} - U = X (with finite cost) define for all i,
Bi={x:c(x,y(®))<c(x,y()).j=1,....M}.

Letting B; = By and B; = B; \ U;;l] Bj, i =2,...,M, we obtain a partition
{Bi, ..., By} and a corresponding quantizer Q' € Qp(M). Then Eg Ve(x,u)] <
EZ7 [c(x,u)] for any Q € Q(M). O

The following shows that setwise convergence of quantizers implies convergence
under total variation.
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Theorem 6.7 [63] Let {Q,} be a sequence of quantizers in Qp(M) which con-
verges to a quantizer Q € Qp (M) setwise at P. Then, the convergence is also under
total variation at P.

Combined with Lemma 6.2, this theorem will be used to establish existence of
optimal quantizers.

Now, assume Q € Qp(M) with cells By, ..., By, each of which is a convex
subset of R". By the separating hyperplane theorem [24], there exist pairs of com-
plementary closed half spaces {(H; j, H;;): 1 <i, j < M,i # j} such that for all
i=1,....M,

B; C ﬂ H; ;.
J#

Each B; ;=) i Hi,j 1s a closed convex polytope and by the absolute continuity

of P one has P(B; \ Bj) =0 foralli =1,..., M. One can thus obtain a (P-a.s.)
representation of Q by the M (M — 1)/2 hyperplanes h; j = H; ; N Hj ;.

Let Q¢ (M) denote the collection of M-cell quantizers with convex cells and
consider a sequence {Q,} in Q¢ (M). It can be shown (see the proof of Theorem 1
in [20]) that using an appropriate parametrization of the separating hyperplanes, a
subsequence Qj, can be found which converges to a Q € Q¢ (M) in the sense that
P(Bl."" AB))—O0foralli =1,..., M, where the B?" and the B; are the cells of
Oy, and Q, respectively.

In the following, we consider quantizers with convex codecells and an input dis-
tribution that is absolutely continuous with respect to the Lebesgue measure on R”
[20]. We note that such quantizers are commonly used in practice; for cost functions
of the form ¢ (x, u) = ||x — u||* for x, u € R, the cells of optimal quantizers, if they
exist, will be convex by Lloyd—Max conditions of optimality; see [20] for further
results on convexity of bins for entropy constrained quantization problems.

Theorem 6.8 [63] The set Qc (M) is compact under total variation at any in-
put measure P that is absolutely continuous with respect to the Lebesgue measure
on R".

We can now state an existence result for optimal quantization.

Theorem 6.9 [63] Let P admit a density function and suppose the goal is to find
the best quantizer Q with M cells minimizing J(P, Q) =inf, Eg’yc(x, u) under
Assumption A2, where Q is restricted to Qc (M). Then an optimal quantizer exists.

Remark 6.3 Regarding existence results, there have been few studies in the litera-
ture in addition to [63]. The authors of [1] and [41] have considered nearest neighbor
encoding/decoding rules for norm based distortion measures. The Ly-norm leads to
convex codecells for optimal design. We also note that the convexity assumption as
well as the atomlessness property of the input measure can be relaxed in a class of
settings, see [1] and Remark 4.9 in [60].
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6.2.3 The Multi-stage Case

6.2.3.1 Static Channel/Coding

We now consider the general stochastic control problem in (6.5) with 7' stages. It
should be noted that the effect of a control policy applied at any given time-stage
presents itself in two ways, in the cost incurred at the given time-stage and the effect
on the process distribution (and the evolution of the controller’s uncertainty on the
state) at future time-stages. This is known as the dual effect of control [3]. The next
theorem shows the continuity of the optimal cost in the measurement channel under
some regularity conditions.

Definition 6.4 A sequence of channels {Q,} converges to a channel Q uniformly
in total variation if

lim sup| 0, (-1x) = QC1x)| 1\, = 0.
n—)OOxEX

Note that in the special but important case of additive measurement channels,
uniform convergence in total variation is equivalent to the weaker condition that
0,(:|x) = Q(:|x) in total variation for each x. When the additive noise is abso-
lutely continuous with respect to the Lebesgue measure, uniform convergence in
total variation is equivalent to requiring that the noise density corresponding to O,
converges in the Li-sense to the density corresponding to Q. For example, if the
noise density is estimated from n independent observations using any of the L-
consistent density estimates described in, e.g., [15], then the resulting Q,, will con-
verge (with probability one) uniformly in total variation [63].

Theorem 6.10 [63] Consider the cost function (6.5) with arbitrary T € N. Suppose
Assumption A2 holds. Then, the optimization problem is continuous in the observa-
tion channel in the sense that if {Q,} is a sequence of channels converging to Q
uniformly in total variation, then

Tim J(P, 0n)=J(P, Q).

We obtained the continuity of the optimal cost on the space of channels equipped
with a more stringent notion for convergence in total variation. This result and its
proof indicate that further technical complications arise in multi-stage problems.
Likewise, upper semi-continuity under weak convergence and setwise convergence
require more stringent uniformity assumptions. On the other hand, the concavity
property applies directly to the multi-stage case. That is, J (P, Q) is concave in the
space of channels; the proof of this result follows that of Theorem 6.1.

One further interesting problem regarding the multi-stage case is to consider
adaptive observation channels. For example, one may aim to design optimal adap-
tive quantizers for a control problem. We consider this next.
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6.2.3.2 Dynamic Channel and Optimal Vector Quantization

We consider a causal encoding problem where a sensor encodes an observed source
to a receiver with zero-delay. Consider the source in (6.1). The source {x;} to be
encoded is an R"-valued Markov process. The encoder encodes (quantizes) its in-
formation {x,} and transmits it to a receiver over a discrete noiseless channel with
common input and output alphabet M :={1,2,..., M}, where M is a positive in-
teger, i.e., the encoder quantizes its information.

As in (6.5), for a finite horizon setting the goal is to minimize the cost

T-1
comp 1
T (IT™, y, T) := EJY [7 ;)co(x,, u»}, (6.9)

for some 7' > 1, where ¢g : R” x U — R} is a (measurable) cost function and Eg) []
denotes the expectation with initial state distribution mp and under the composite
quantization policy IT°°™P and receiver policy y .

There are various structural results for such problems, primarily for control-free
sources; see [25, 27, 49, 52, 53, 58] among others. In the following, we consider
the case with control, which have been considered for finite-alphabet source and
control action spaces in [51] and [27]. The result essentially follows from Witsen-
hausen [53].

Theorem 6.11 [57] For the finite horizon problem, any causal composite quanti-
zation policy can be replaced without any loss in performance by one which, at
timet=1,...,T — 1, only uses, x; and q|o,-1], with the original control policy
unaltered.

Hereafter, let P(X) denote the space of probability measures on X endowed with
weak convergence. Given a composite quantization policy I7°°™P, let 7; € P(R")
be the conditional probability measure defined by

7 (A) := P(x; € Alqpo,r—17)

for any Borel set A. Walrand and Varaiya [52] considered sources taking values in a
finite set, and obtained the essence of the following result. For control-free sources,
the result appears in [58] for R”-valued sources.

Theorem 6.12 [57] For a finite horizon problem, any causal composite quantiza-
tion policy can be replaced, without any loss in performance, by one which at any
timet =1,...,T — 1 only uses the conditional probability P(dx;—1|q[0,:—1]) and
the state x;. This can be expressed as a quantization policy which only uses (7, t)
to generate a quantizer Q; : R" — M, where the quantizer Q; uses x; to generate
the quantization output as q; = Q(x;) at time t.
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For any quantization policy in [Ty and any 7 > 1 we have

T—-1
1
. [1comp
1BfJn0(Hcomp,V,T) =E;, |:? ;C(ﬂn Qz):|,

where
M

c(my, Q) = inf/ 7w (dx)co(x, u).
! ! ;ueU Q:l(i) !

In the following, we consider the existence problem. However, to facilitate the
analysis we will take the source to be control-free, and assume further structure on

the source process. We have the following assumptions in the source {x;} and the
cost function.

Assumption 6.2

(i) The evolution of the Markov source {x;} is given by
Xer1=fx)+w;, 20 (6.10)

where {w;} is an independent and identically distributed zero-mean Gaussian
vector noise sequence and f : R” — R” is measurable.

(ii) U is compact and ¢ : R" x U — R is bounded and continuous.

(iii) The initial condition xq is zero-mean Gaussian.

We note that the class of quantization policies which admit the structure sug-
gested in Theorem 6.12 is an important one. We henceforth define:

My = {I°™ ={0;"™,t>0}:37;: P(X) > Q
C(ZF) = (1 () (), VI 6.11)

to represent this class of policies. For a policy in this class, properties of conditional
probability lead to the following expression for 7, (dx):

fr[t_l(dx,_l)P(qz_1|7T,_1,x,_1)P(x; €dx|xt-1)
ff”t—l(dxl—l)P(CIt—l|7Tl—lsxt—l)P(xt €dx|x,_1)

Here, P(g;—1|m;—1, x,—1) is determined by the quantizer policy. The following fol-
lows from the proof of Theorem 2.5 of [58].

Theorem 6.13 The sequence of conditional measures and quantizers {(mw;, Q¢)}
form a controlled Markov process in P(R") x Q.

Theorem 6.14 Under Assumption 6.2, an optimal receiver policy exists.
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Proof At any given time an optimal receiver will minimize f P(dxi|qpo,i)c(xs, ur).
The existence of a minimizer then follows from Theorem 3.1 in [63]. O

Let I1 g, be the set of coding policies in [Ty with quantizers having convex code-
cells (that is, Q; € Q¢ (M)). We have the following result on the existence of opti-
mal quantization policies.

Theorem 6.15 [62] For any T > 1, under Assumption 6.2, there exists a policy in
II g, such that

inf inf Jr, ([T, y, T) (6.12)

ncompen% )4

is achieved. Letting JYT (-)=0and

Jl (o) :=  min_ Jy (1™, y, T),
meompefqg,y

the dynamic programming recursion
T . T
TJ; ()= QEISICIZM)(COT“ 0+ TE[Jt+1(JTt+1)|7Th Qt])
holds forallt =0,1,...,T — 1.

We note that also for optimal multi-stage vector quantization, [8] has obtained
existence results for an infinite horizon setup with discounted costs under a uniform
boundedness assumption on the reconstruction levels.

6.2.3.3 The Linear Quadratic Gaussian (LQG) Case

There is a large literature on jointly optimal quantization for the LQG problem dat-
ing back to early 1960s (see, for example, [23] and [13]). References [2, 7, 17,
18, 31, 38, 48], and [57] considered the optimal LQG quantization and control, with
various results on the optimality or the lack of optimality of the separation principle.

For controlled Markov sources, in the context of Linear Quadratic Gaussian
(LQG) systems, existence of optimal policies has been established in [57] and [60],
where it has been shown that without any loss, the control actions can be decoupled
from the performance of the quantization policies, and a result similar to Theo-
rem 6.15 for linear systems driven by Gaussian noise leads to the existence of an
optimal quantization policy.

Structural results with control have also been studied by Walrand and Varaiya
[51] in the context of finite control and action spaces and by Mahajan and Teneketzis
[27] for control over noisy channels, also for finite state-action space settings.
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6.2.3.4 Case with Noisy Channels with Noiseless Feedback

The results presented in this section apply also to coding over discrete memoryless
(noisy) channels (DMCs) with feedback. The equivalent results of Theorems 6.11
and 6.12 apply with g; terms replacing ¢;, if g, is the output of a DMC at time ¢, as
we state in the following.

In this context, let w; € P(X) to be the regular conditional probability measure
given by m;(-) = P(x; € '|q[/0,z—1])’ where ¢/ is the channel output when the input
is g;. That is, m;(A) = P(x; € A|q[/0,t—l])’ A e B(X).

Theorem 6.16 [60] Any composite encoding policy can be replaced, without any
loss in performance, by one which only uses x; and q[’o’ (1) at time t = 1 to generate
the channel input q;.

Theorem 6.17 [60] Any composite quantization policy can be replaced, without
any loss in performance, by one which only uses the conditional probability measure
()= P € '|‘1f0,z71])’ the state x;, and the time information t, at time t > 1 to
generate the channel input q;.

Remark 6.4 When there is no feedback from the controller, or when there is noisy
feedback, the analysis requires a Markov chain construction in a larger state space
under certain conditions on the memory update rules at the decoder. We refer the
reader to [26, 49], and [25] for a class of such settings.

6.3 Problem P2: Characterization of Information Channels
for Stabilization

In this section, we consider the stabilization problem over communication channels.
The goal will be to identify conditions so that the controlled state is stochastically
stable in the sense that

e {x;} is asymptotically mean stationary (AMS) and satisfies the requirements of
Birkhoff’s sample path ergodic theorem. This may also include the condition that
the controlled (and possibly sampled) state and encoder parameters have a unique
invariant probability measure.

o limyp_ o % ZtT;Ol |x;|? exists and is finite almost surely (this will be referred to
as quadratic stability).

There is a very large literature on this problem. Particularly related references
include [11, 28-30, 32, 37, 42, 43, 45, 46, 54, 55, 59]. In the context of discrete
channels, many of these papers considered a bounded noise assumption, except no-
tably [30, 36, 37, 55, 64], and [56]. We refer the reader to [32] and [60] for a detailed
literature review.

In this section, we will present a proof program developed in [55] and [64] for
stochastic stabilization of Markov chains with event-driven samplings applied to
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networked control. Toward this end, we will first review few results from the theory
of Markov chains. However, we first will establish fundamental bounds on informa-
tion requirements for stabilization.

6.3.1 Fundamental Lower Bounds for Stabilization

‘We consider a scalar LTI discrete-time system and then later in Sect. 6.3.6 the multi-
dimensional case. Here, the scalar system is described by

Xep1 =ax; +bu; +w;,, >0 (6.13)

where x; is the state at time ¢, u; is the control input, the initial state xq is a zero-
mean second order random variable, and {w;} is a sequence of zero-mean i.i.d.
Gaussian random variables, also independent of xg. We assume that the system
is open-loop unstable and controllable, that is, |a| > 1 and b # 0. This system is
connected over a noisy channel with a finite capacity to a controller, as shown in
Fig. 6.1, with the information structures described in Sect. 6.1.

We consider first memoryless noisy channels (in the following definitions, we
assume feedback is not present; minor adjustments can be made to capture the case
with feedback).

Definition 6.5 A Discrete Memoryless Channel (DMC) is characterized by a dis-
crete input alphabet M, a discrete output alphabet M/, and a conditional probabil-
ity mass function P(q’|g), from M x M’ to R which satisfies the following. Let
qio.n] € M"*! be a sequence of input symbols, let q[’o’n] e M"™ ! be a sequence
of output symbols, where g € M and ¢g; € M’ for all k and let PS;{,[E denote the
joint mass function on the (n 4 1)-tuple input and output spaces. It follows that
1

P @]y l910.0) = TTizo Pomc(aglgn), Yaio.n € M, gl o € M1, where
gk~ q;, denote the kth component of the vectors g0 ], ‘Ifo,n]’ respectively.

Channels can also have memory. We state the following for both discrete and
continuous-alphabet channels.

Definition 6.6 A discrete channel (continuous channel) with memory is character-
ized by a sequence of discrete (continuous) input alphabets M"+! discrete (con-
tinuous) output alphabets M"*!, and a sequence of regular conditional probability
measures P, (dqfy ,11910,11), from M+ o ML

In this chapter, while considering discrete channels, we will assume channels
with finite alphabets.

Remark 6.5 Another setting involves continuous-alphabet channels. Such channels
can be regarded as limits of discrete-channels: Note that the mutual information for
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real valued random variables x, y is defined as

I(x;y):= sup I(Q1(x); Q2(»)).
01,02

where Q1 and Q; are quantizers with finitely many bins (see Chap. 5 in [19]). As
a consequence, the discussion for discrete channels applies for continuous alphabet
channels. On the other hand, the Gaussian channel is a very special channel which
needs to be considered in its own right, especially in the context of linear quadratic
Gaussian (LQG) systems and problems. A companion chapter deals with such chan-
nels, see [65], as well as [60].

Theorem 6.18 [56] Suppose that a linear plant given as in (6.13) controlled over a
DMC, under some admissible coding and controller policies, satisfies the condition

1
liminf —h <0, 6.14
iminf - (x7) < (6.14)
where h denotes the entropy function. Then, the channel capacity C must satisfy
C = logy(lal).

Remark 6.6 Condition (6.14) is a weak one. For example, a stochastic process
whose second moment grows subexponentially in time, namely,

liminf

T—o00

0,

log(E[x7]) _
T

satisfies this condition.
We now present a supporting result due to Matveev.

Proposition 6.3 [30] Suppose that a linear plant given as in (6.13) is controlled
over a DMC. If

C < 10g2(|a|),

then

limsup P(|x7| <b(T)) < ——,
msup P(lxr| < b(T) = 20D

for all b(T) > 0 such that limr_, o % log, (b(T)) =0

‘We note that similar characterizations have also been considered in [29, 43], and
[32], for systems driven by bounded noise.
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Theorem 6.19 [60] Suppose that a linear plant given as in (6.13) is controlled over
a DMC. If, under some causal encoding and controller policy, the state process is
AMS, then the channel capacity C must satisfy

C> 10g2(|a|).

In the following, we will observe that the condition C > log,(|al) in Theo-
rems 6.18 and 6.19 is almost sufficient as well for stability in the AMS sense. Fur-
thermore, the result applies to multi-dimensional systems. Toward this goal, we first
discuss the erasure channel with feedback (which includes the noiseless channel
as a special case), and then consider more general DMCs, followed by a class of
channels with memory. We will also investigate quadratic stability. We discuss an
essential ingredient in the proof program next.

6.3.2 Stochastic Stability and Random-Time State-Dependent Drift
Approach

Let X = {x;,t > 0} denote a Markov chain with state space X. Assume that the
state space is a complete, separable, metric space, whose Borel o -field is denoted
B(X). Let the transition probability be denoted by P, so that for any x € X, A €
B(X), the probability of moving from x to A in one step is given by P(x;+1 € A |
xr =x) = P(x, A). The n-step transitions are obtained via composition in the usual
way, P(X;4+, € A| X; =x) = P"(x, A), for any n > 1. The transition law acts on
measurable functions f: X — R and measures  on B(X) via

Prw) = [ PadnfO). rex,
wP(A) ::/;{,u(dx)P(x,A), A € BX).
A probability measure 7 on B(X) is called invariant if w P = . That is,
/n(dx)P(x, A)=n(A), AeBX).

For any initial probability measure v on B(X) we can construct a stochastic pro-
cess with transition law P, and satisfying xo ~ v. We let P, denote the resulting
probability measure on the sample space, with the usual convention v = §, when the
initial state is x € X. When v = 7, then the resulting process is stationary. A com-
prehensive treatment of Markov chains can be found in [35].

Throughout this subsection, the sequence of stopping times {7; :i € Ny} is as-
sumed to be non-decreasing, with 7o = 0, measurable on the filtration generated by
the state process. Additional assumptions are made in the results that follow.
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Before proceeding further, we note that a set A C X is p-small on (X, B(X))
if for some n, and some positive measure u, P"(x, B) > u(B),Vx € A, and
B € B(X). A small set leads to the construction of an accessible atom and to an in-
variant probability measure [35]. In many practical settings, compact sets are small;
sufficient conditions on when a compact set is small has been presented in [60]
and [35].

Theorem 6.20 [64] Suppose that X is a ¢-irreducible and aperiodic Markov
chain. Suppose moreover that there are functions V : X — (0, 00), 6: X — [1, 00),
f: X —[1,00), asmall set C and a constant b € R, such that the following hold:

E[V(©@T.,) | Fr] < V©@T) = 8(T) + blisrcc),

Tl (6.15)
E| > flg) | Fr | <8(p7). z20.
k=T,

Then the following hold:

(1) ¢ is positive Harris recurrent, with unique invariant distribution
(i) 7(f) = [ f(@)7m(dg) < oo
(iii) For any function g that is bounded by f, in the sense that sup, gD/ f(@) <

00, we have convergence of moments in the mean, and the Law of Large Num-
bers holds:

Jlim Eg[2(d0]=m(s),

N-1

1
lim — = .S. X.
Nl_{f;ONIE_Og(tbt) n(g) as., g€

This theorem will be important for the stability analysis to follow.

6.3.3 Noiseless and Erasure Channels

We begin with erasure channels (which contain discrete noiseless channels as a
special case), before discussing more general noisy channels. Before discussing the
multi-dimensional case in Sect. 6.3.3.2, we first discuss the scalar version described
by (6.13).

The details of the erasure channel are specified as follows: The channel source
consists of state values from R. The source output is, as before, quantized. We con-
sider the following uniform quantizer class. A modified uniform quantizer Qﬁ :
R — R with step size A and K + 1 (with K even) number of bins satisfies the
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Bin size

~(K/2)A - (K/2)A

Overflow bin ‘ ‘ ‘ ‘ ‘ ‘

Overflow bin

Fig. 6.2 A modified uniform quantizer. There is a single overflow bin

following for k =1,2..., K (see Fig. 6.2):

(k—3(K+1)A if xe[(k—1-3K)A, (k—3K)A),
0r) =1 G(& -1)A ifx=1KA, (6.16)
0 ifx¢[—5KA, JKA]L

where we have M = {1,2,...,K + 1}. The quantizer—decoder mapping thus
described corresponds to a uniform quantizer with bin size A. The interval
[—K /2, K /2] is termed the granular region of the quantizer, and R\ [-K /2, K /2]
is named the overflow region of the quantizer (see Fig. 6.2). We will refer to this
quantizer as a modified uniform quantizer, since the overflow region is assigned a
single bin.

The quantizer outputs are transmitted through a memoryless erasure channel,
after being subjected to a bijective mapping, which is performed by the channel
encoder. The channel encoder maps the quantizer output symbols to corresponding
channel inputs g € M :={1,2,..., K + 1}. A channel encoder at time ¢, denoted
by &, maps the quantizer outputs to M such that & (Q;(x;)) = g € M.

The controller/decoder has access to noisy versions of the encoder outputs for
each time, which we denote by {g’} € M U {e}, with e denoting the erasure symbol,
generated according to a probability distribution for every fixed g € M. The channel
transition probabilities are given by

P(q =ilg=i)=p, P(q'=elg=i)=1—p, ieM.

At each time 7 > 0, the controller/decoder applies a mapping D; : M U {e} — R,
given by

Dilar) =& (ar)  Vgjze) +0 % Lig=ey-

Let {7;} denote a binary sequence of i.i.d. random variables, representing the
erasure process in the channel, where the event 7; = 1 indicates that the signal is
transmitted with no error through the channel at time ¢. Let p = E[7Y;] denote the
probability of success in transmission.

The following key assumptions are imposed throughout this section: Given
K > 2 introduced in the definition of the quantizer, define the rate variables

R :=log,(K + 1), R =1log,(K). (6.17)
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We fix positive scalars &, o satisfying
a2 R <o <1 (6.18)
and

a(lal+8)" <1, (6.19)

We consider the following update rules. For ¢t € Z, and with Ag € R selected arbi-
trarily, consider

a

Ur = —Efz,
& =Di(q)) =T Q%' (x1), (6.20)
At+1 = AIQ(Ah L,_ ,Tt)-
A,ZR 1

Here, Q R x R x {0, 1} — R is defined below, where L > 0 is a constant;

Q(A,h,p)=la|+8 if|h|>1, or p=0,
QA h,p)=a ifO<|h| <1, p=1, A>L,

Q(A,h,p)=1 if0<|h| =1, p=1 A<L.
The update equations above imply that
Ar>La=:L'. (6.21)

Without any loss of generality, we assume that L’ > 1.

We note that given the channel output ¢, # e, the controller can simultaneously
deduce the realization of 7; and the event {|h;| > 1}, where h; := #. This
is due to the fact that if the channel output is not the erasure symbol, the controller
knows that the signal is received with no error. If ¢, = e, however, then the controller
applies O as its control input and enlarges the bin size of the quantizer. As depicted

in Fig. 6.1, the encoder has access to channel outputs, that is, there is noiseless
feedback.

Lemma 6.3 Under (6.20), the process (x;, A;) is a Markov chain.

Proof The system’s state evolution can be expressed

Xr+1 = ax; —axy + wy,
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where X; = 13 Q?’ (x¢). It follows that the process (x;, A;) evolves as a nonlinear
state space model:

X1 =a(x — 0% (x) + wr,

A Aila X, . (6.22)
t+1 = tQ( ts m s z)-
in which (wy, 7%) is i.i.d. Thus, the pair (x;, A;) forms a Markov chain. O

Let for a Borel set S, Tg =inf(k > 0: (x¢, Ag) € S) and E, 4, P(x, a) denote the
expectation and probabilities conditioned on (xg, Ag) = (x, A).

Proposition 6.4 [64] If (6.18)—(6.19) hold, then there exists a compact set A X B C
R? satisfying the recurrence condition

sup  Ey altaxp]l <00
(x,A)eAxB

and the recurrence condition P A)(Taxp < 00) =1 for any admissible (x, A).

A result on the existence and uniqueness of an invariant probability measure is
the following. It basically establishes irreducibility and aperiodicity, which leads to
positive Harris recurrence, by Proposition 6.4.

Theorem 6.21 [64] For an adaptive quantizer satisfying (6.18)—(6.19), suppose
that the quantizer bin sizes are such that their base-2 logarithms are integer mul-
tiples of some scalar s, and logz(Q(-)) takes values in integer multiples of s. Then
the process (x;, A;) forms a positive Harris recurrent Markov chain. If the integers
taken are relatively prime (that is they share no common divisors except for 1), then
the invariant probability measure is independent of the value of the integer multi-

plying s.

We note that the (Shannon) capacity of such an erasure channel is given by
log, (K + 1) p [12]. From (6.18)—(6.19), the following is obtained.

Theorem 6.22 Iflog,(K)p > log,(|al), then o, § exist such that Theorem 6.21 is
satisfied.

Remark 6.7 Thus, the Shannon capacity of the erasure channel is an almost suf-
ficient condition for the positive Harris recurrence of the state and the quantizer
process. We will see that under a more generalized interpretation of stationarity, this
result applies to a large class of memoryless channels and a class of channels with
memory as to be seen later in this chapter (see Theorem 6.27): There is a direct re-
lationship between the existence of a stationary measure and the Shannon capacity
of the channel used in the system.
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Under slightly stronger conditions we obtain a finite second moment:

Theorem 6.23 [64] Suppose that the assumptions of Theorem 6.21 hold, and in
addition the following bound holds:

a2(1 —p+ ﬁ) <1. (6.23)

Then, for each initial condition, lim;_; o E[xtz] =F; [xg] < 00.

Remark 6.8 We note from Minero et al. [36] that a necessary condition for mean
square stability is a>(1 — p + #) < 1. Thus, the sufficiency condition in The-
orem 6.23 almost meets this bound except for the additional symbol sent for the
under-zoom events. We note that the average rates can be made arbitrarily close
to zero by sampling the control system with larger periods. Such a relaxation of
the sampling period, however, would lead to a process which is not Markov, yet
n-ergodic, quadratically stable, and asymptotic mean stationary (AMS).

6.3.3.1 Connections with Random-Time Drift Criteria

We point out the connection of the results above with random-time drift criteria in
Theorem 6.20.

By Lemma 6.3, the process (x;, A;) forms a Markov chain. Now, in the model
considered, the controller can receive meaningful information regarding the state
of the system when two events occur concurrently: the channel carries information
with no error, and the source lies in the granular region of the quantizer, that is,
X; € [—%K Ay, %K A;) and 7; = 1. The times at which both of these events occur
form an increasing sequence of random stopping times, defined as

To =0, Tew1 =inflk > T, : || <1, 7 =1}, zeN.

We can apply Theorem 6.20 for these stopping times. These are the times when
information reaches the controller regarding the value of the state when the state is
in the granular region of the quantizer. The following lemma is key:

Lemma 6.4 The discrete probability measure P(T,11 — T, =k | x1,, AT,) has the
upper bound

P(Tes1 = To 2k lx7, A7) < (1 = p) 7' + Gr(AT),
where Gy (A1) — 0 as Ay, — oo uniformly in x;.

In view of Lemma 6.20, first without an irreducibility assumption, we can es-
tablish recurrence of the set C, x Cj, by defining a Lyapunov function of the form
V(xs, Ay) = % logz(Az) + By for some By > 0. One can establish the irreducibility
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of the Markov chain by imposing a countability condition on the set of admissi-
ble bin sizes. A similar discussion, with a quadratic Lyapunov function, applies for
finite moment analysis.

6.3.3.2 The Multi-dimensional Case

The result for the scalar problem has a natural counterpart in the multi-dimensional
setting. Consider the linear system described by

Xi41 = Ax; + Bu, + Gy, (6.24)

where x; € RY is the state at time 7, u; € R™ is the control input, and {w;} is a
sequence of zero-mean i.i.d. R?-valued Gaussian random vectors. Here A is the
square system matrix with at least one eigenvalue greater than or equal to 1 in mag-
nitude, that is, the system is open-loop unstable. Furthermore, (A, B) and (A, G)
are controllable pairs. We also assume at this point that the eigenvalues are real,
even though the extension to the complex case is primarily technical. Without any
loss of generality, we assume A to be in Jordan form. Because of this, we allow
w; to have correlated components, that is, the correlation matrix E [w,w,T ] is not
necessarily diagonal. We also assume that B is invertible (if B is not invertible, a
sampled system can be made to have an invertible control matrix, with a periodic
scheme with period at most n).

We restrict the analysis to noiseless channel in this section. The scheme pro-
posed in the previous section is also applicable to the multi-dimensional setup. Sta-
bilizability for the diagonalizable case immediately follows from the discussion for
scalar systems, since the analysis for the scalar case is applicable to each of the sub-
systems along each of the eigenvectors. The possibly correlated noise components
will lead to the recurrence analysis discussed earlier. For such a setup, the stopping
times can be arranged to be identical for each modes, for the case when the quan-
tizer captures all the state components. Once this is satisfied, the drift conditions
will be obtained. The non-diagonalizable Jordan case, however, is more involved, as
we discuss now.

Consider the following system:

1 1 1

Yopr | A1) x ; w;

2 =10 all. +B 21T, (6.25)
t+1 t t t

The approach entails quantizing the components in the system according to
the adaptive quantization rule provided earlier for scalar systems: For i =1, 2, let
R =R = log, (2% — 1) = log, (K;) (that is, the same rate is used for quantizing
the components with the same eigenvalue). For + > 0 and with Al A% e R, con-
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A Overflow bin

Kz A2
A

Bin size Al

K1 Al .
77A Bin size A2

Overflow bin

_ K3 A2
2
Overflow bin

\

Fig. 6.3 A uniform vector quantizer. There is a single overflow bin

sider:
Ur = _B71 Ai[,
N Al
/\2 - A[Z ’
X Q. (x7)

AL = a0 LAY, a3, = 4200 k2], 43), 62

with, fori = 1,2, 8¢, &, ni >0, r/i <&l and L' > 0 such that

Q(x,y,A):lM—i—Si if |x| > 1, or |y| > 1,

_ A ; ;

Oy, M =1 iro<i<1, <1, Al L)
2Ri—r/’

O(x,y,A)=1 ifo<|x|<1, |y|<1, Al <L

ZRW - =: L. We also assume that
t—nl
for some sufficiently large na, A(l) = nAA(%, which leads to the result that
A,l = nAA,z for all + > 0. See Fig. 6.3 for a depiction of the quantizer used
at a particular time. The sequence of stopping times is now defined as fol-

lows:

Note that the above imply that Al > L

To=0, Toqr =inflk > T, |hi| < 1ie{l,2,....n}}, zeZy,



6 Design of Information Channels 203

where h}; = %. Here A is the bin size of the quantizer in the direction of the
AR~

eigenvector x', with rate R.

With this approach, the drift criterion applies almost identically as it does for the
scalar case.

Theorem 6.24 [21, 60] Consider the multi-dimensional system (6.24). If the system
is controlled over a discrete-noiseless channel with capacity

C> Z 10g2(|)\,~|),

[2i[>1

there exists a stabilizing scheme leading to a Markov chain with a bounded second
moment in the sense that limsup,_, ., E[|x; |%] < 00.

Extensions of such settings also apply to systems with decentralized multiple
sensors. We refer the reader to [22] and [60].

6.3.4 Stochastic Stabilization over Noisy Channels with Noiseless
Feedback

In this subsection, we consider discrete noisy channels with noiseless feedback. We
first investigate Discrete Memoryless Channels (DMCs).

6.3.4.1 Asymptotic Mean Stationarity and n-Ergodicity

The condition C > log,(|a|) in Theorem 6.18 is almost sufficient for establishing
ergodicity and stability, as captured by the following discussion.

Consider the following update algorithm. Let n be a given block length. Consider
a class of uniform quantizers, defined by two parameters, with bin size A > 0, and
an even number K (n) > 2 (see Fig. 6.1). Define the uniform quantizer as follows:
Fork=1,2..., K@),

(k—$(Km+1D)A ifxe[k—1-FK@m)A, (k- K n)A),
Q%@ =13 A (Km - 1)4 if x = LK (n)4,
Z if x ¢ [-3K(n)A, 3K (n)A],

where Z is the overflow symbol in the quantizer. Let {x : Qﬁ( n)(x) # Z} be the
granular region of the quantizer.

At every sampling instant t = kn,k =0, 1,2, ..., the source coder £ quantizes
output symbols in RU{Z} toaset M(n) ={1,2,..., K(n)+ 1}. A channel encoder
&f maps the elements in M (n) to corresponding channel inputs g, (k+1)n—1] €
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M". Foreachtimet =kn —1,k=1,2,3,..., the channel decoder applies a map-
ping Dy, : M"" — M(n) such that

CEk+1)n—1 = Din (‘Ifkn,(k+1)n—1])~

Finally, the controller runs an estimator

. —1,
Xin = (i) (C(k+1)n—1) x 1{c(k+l)n,ﬁé2} +0x 1{c'(’kﬂ),l,l:Z}'

Hence, when the decoder output is the overflow symbol, the estimation output is 0.
As in the previous two chapters, at time kn the bin size Ay, is taken to be a
function of the previous state A_1), and the past n channel outputs. Further, the
encoder has access to the previous channel outputs, thus making such a quantizer
implementable at both the encoder and the decoder.
With K (n) > [|a|"1, R =log,(K (n) + 1), let us introduce R’(n) = log, (K (n))

and let
R'(n) >n logz(m—l),
o
for some «,0 <« < 1 and § > 0. When clear from the context, we will drop the
index n in R'(n). We will consider the following update rules in the controller ac-
tions and the quantizers. For ¢ > 0 and with Ag > L for some L € R, and Xy € R,

consider, fort =kn, k e N,

n
ut = —1{[:(k+l)n—1} ?x,\kn’ (6 28)

Agkryn = Aan(Akn’ CEk+1)n71)’

where ¢’ denotes the decoder output variable. If we use § > 0 and L > 0 such that
0(A, )= (lal+8)" ifd =2,
0(A,d)=ao" ifd#Z, A>L, (6.29)
0(Aa.c)=1 ifd#2, A<L,

we can show that a recurrent set exists. Note that the above implies that A; > La" =:
L’ forall t > 0.

Thus, we have three main events: When the decoder output is the overflow sym-
bol, the quantizer is zoomed out (with a coefficient of (|a| 4 §)"). When the decoder
output is not the overflow symbol Z, the quantizer is zoomed in (with a coefficient
of ™) if the current bin size is greater than or equal to L, and otherwise the bin size
does not change.

In the following, we make the quantizer bin size process space countable and as
a result establish the irreducibility of the sampled process (x,,, Asm)-

Theorem 6.25 [56] For the existence of a compact coordinate recurrent set, the
following is sufficient: The channel capacity C satisfies: C > log,(|al).
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Theorem 6.26 For an adaptive quantizer satisfying the conditions of Theo-
rem 6.25, suppose that the quantizer bin sizes are such that their logarithms are
integer multiples of some scalar s, and logz(Q(-)) takes values in integer multiples
of s. Suppose the integers taken are relatively prime (that is they share no common
divisors except for 1). Then the sampled process (X, Aty forms a positive Harris
recurrent Markov chain at sampling times on the space of admissible quantizer bins
and state values.

Theorem 6.27 [56] Under the conditions of Theorems 6.25 and 6.26, the pro-
cess {x;, A;} is n-stationary, n-ergodic, and hence asymptotically mean stationary
(AMS).

Proof Sketch The proof follows from the observation that a positive Harris recurrent
Markov chain is recurrent and stationary and that if a sampled process is a positive
Harris recurrent Markov chain, and if the intersampling time is fixed, with a time-
homogeneous update in the inter-sampling times, then the process is mixing, n-
ergodic and n-stationary. 0

Remark 6.9 Converse Results for Quadratic Stability For quadratic stability, that
is, the condition that lim7_, o % Z;T:_o] |x; |2, exists and is finite almost surely; more
restrictive conditions are needed and Shannon capacity is not sufficient (see [43]
and [56]). We note that for erasure channels and noiseless channels, one can obtain
tight converse theorems using Theorem 6.18 (see [36] and [64]). For general DMCs,
however, a tight converse result on quadratic stabilizability is not yet available. One
reason for this is that the error exponents of fixed length block codes with noiseless
feedback for general DMCs are not currently known. It is worth noting that the
error exponent of DMCs is typically improved with feedback, unlike the capacity
of DMCs. Some partial results have been reported in [16] (e.g., the sphere packing
upper bound is tight for a class of symmetric channels for rates above a critical rate
even with feedback). Related references addressing partial results include [33] and
[34] which consider lower bounds on estimation error moments for transmission
of a single variable over a noisy channel (in the context of this chapter, this single
variable may correspond to the initial state x). A further related notion for quadratic
stability is the notion of any-time capacity introduced by Sahai and Mitter (see [42]
and [43]). Further discussion on this topic is available in [60] and [59].

6.3.5 Channels with Memory and Noiseless Feedback
Definition 6.7 Channels are said to be of Class A type, if
e They satisfy the following Markov chain condition:

qt/ <> {qt,4[0,t—1]» CI[/(),;_I] < {xo, ws, t >0},

for all + > 0, and
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e Their capacity with feedback is given by

1
C = lim max =I(q10,7-11 = {0, 7-17)>
T_>°°{P(Qt|Q[O,t—1]vql/o‘,_1j)’ O=t=T-1} T ( . ])

where the directed mutual information is defined by

T—1
I(gro.7-1 = qjo.7-17) = Z 1(qr0,073 4/1970.1— 1) + 1 (903 40)-
=1

DMCs naturally belong to this class. For DMCs, feedback does not increase the
capacity [12]. Such a class also includes finite state stationary Markov channels
which are indecomposable [39], and non-Markov channels which satisfy certain
symmetry properties [44]. Further examples can be found in [47] and in [14].

Theorem 6.28 [56] Suppose that a linear plant given by (6.13) is controlled over
a Class A type noisy channel with feedback. If the channel capacity (with feedback)
is less than log, (|al), then (i) the following condition

1
liminf —h(x7) <0,
T—ooo T

cannot be satisfied under any policy, and (ii) the state process cannot be AMS under
any policy.

Remark 6.10 The result above is negative, but one can also obtain a positive result:
If the channel capacity is greater than log, (|a|) and there is a positive error exponent
(uniform over all transmitted messages, as in Theorem 14 of [39]), then there exists
a coding scheme leading to an AMS state process provided that the channel restarts
itself with the transmission of every new block (either independently or as a Markov
process). We also note that if the channel is not information stable, then information
spectrum methods lead to pessimistic realizations of capacity (known as the liminf
in probability of the normalized information density, see [47, 50]).

6.3.6 Higher-Order Plants

The result for the scalar problem has a natural counterpart in the multi-dimensional
setting. Consider the linear system described by (6.24). In the following, we assume
that all eigenvalues {A;,1 <i < N} of A are unstable, that is, have magnitudes
greater than or equal to 1. There is no loss here since if some eigenvalues are stable,
by a similarity transformation, the unstable modes can be decoupled from the stable
ones and one can instead consider a lower dimensional system; stable modes are
already recurrent.
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Theorem 6.29 [60] For such a system controlled over a Class A type noisy channel
with feedback, if the channel capacity (with feedback) satisfies

C< Zlogz(m |),
i

there does not exist a stabilizing coding and control scheme with the property

o1

liminf —h(x7) <O0.

T—oo T
Proposition 6.5 [60] For such a system controlled over a Class A type noisy chan-
nel with feedback, if

C <log,(lAl),

then

limsup P(|x7| <b(T)) < —— >
msup P(lxr| =b(1) = 2D

for all b(T) > 0 such that im7_, o 5 log, (b(T)) = 0.

s

With this lemma, we state the following.

Theorem 6.30 [60] Consider such a system controlled over a Class A type noisy
channel with feedback. If there exists some encoding and controller policy so that
the state process is AMS, then the channel capacity (with feedback) C must satisfy

C = logy(|Al).

For sufficiency, we will assume that A is a diagonalizable matrix (a sufficient con-
dition for which is that its eigenvalues are distinct real).

Theorem 6.31 [56] Consider a multi-dimensional system with a diagonalizable
matrix A. If the Shannon capacity of the DMC used in the controlled system satisfies

C> Z logy (i),
Ai1>1
there exists a stabilizing scheme in the AMS sense.

On achievability of AMS stabilization over channels with memory, the discus-
sions in Remark 6.10 also apply for this setting.

Remark 6.11 Theorem 6.31 can be extended to the case where the matrix A is not
diagonalizable, in the same spirit as in Theorem 6.24, by constructing stopping times
in view of the coupling between modes sharing a common eigenvalue [60].
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6.4 Conclusion

In this chapter, we considered the optimization of information channels in net-
worked control systems. We made the observation that quantizers can be viewed
as a special class of channels and established existence results for optimal quanti-
zation and coding policies. Comparison of information channels for optimization
has been presented. On stabilization, the relation between ergodicity and Shannon
capacity has been discussed.

The value of information channels in optimization and control problems require
further analysis. Particularly, further research from the information theory commu-
nity for optimal non-asymptotic or finite delay coding will lead to useful applica-
tions in networked control. Error exponents with fixed block-length and feedback is
currently an unresolved problem, which may lead to converse theorems for quadratic
stabilization over noisy communication channels.
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