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Abstract The authors study an approximation method for partially observed Markov decision pro-
cesses (POMDPs) with continuous spaces. Belief MDP reduction, which has been the standard ap-
proach to study POMDPs requires rigorous approximation methods for practical applications, due to
the state space being lifted to the space of probability measures. Generalizing recent work, in this
paper the authors present rigorous approximation methods via discretizing the observation space and
constructing a fully observed finite MDP model using a finite length history of the discrete observations
and control actions. The authors show that the resulting policy is near-optimal under some regularity
assumptions on the channel, and under certain controlled filter stability requirements for the hidden
state process. The authors also provide a Q learning algorithm that uses a finite memory of discretized
information variables, and prove its convergence to the optimality equation of the finite fully observed

MDP constructed using the approximation method.

Keywords Filter stability, POMDP, reinforcement learning, stochastic control.

1 Introduction

Partially Observed Markov Decision Problems (POMDPs) offer a practically rich and rele-
vant, and mathematically challenging model. Analysis of optimality and computation of solu-
tions become complex even for finite models. Hence, approximations are required for efficient

(near) optimality and control analysis. We present a brief review in the following.
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NEAR OPTIMAL APPROXIMATIONS FOR POMPDS 239

Most of the studies in the literature are algorithmic and computational contributions such
as [1, 2]. These studies develop computational algorithms, utilizing structural convexity/concav-
ity properties of the value function under the discounted cost criterion. [3] provides an insightful
algorithm which may be regarded as a quantization of the belief space; however, no rigorous
convergence results are provided. [4, 5] also present quantization based algorithms for the belief
state, where the state, measurement, and the action sets are finite.

Rigorous approximation techniques for POMDPs have mostly focused on finite state or finite
observation models. Some works that study POMDPs with continuous state or observation
spaces include [6-9].

[6, 7] introduce a rigorous approximation analysis after establishing weak continuity condi-
tions on the transition kernel defining the (belief-MDP) via the non-linear filter (see [10, 11]),
and it is shown that the finite model approximations obtained through quantization are asymp-
totically optimal as the number of quantization bins increases. The finite model is constructed
by choosing a finite number of belief points which are sufficiently close to any point in the orig-
inal belief space, however, this may not be an easy task in general, as the belief space consists
of probability measures.

Another rigorous set of studies with continuous observation and state spaces is [8, 9] where
the authors provide an explicit quantization method for the set of probability measures contain-
ing the belief states, where the state space is parametrically representable under strong density
regularity conditions. The quantization is done through the approximations as measured by
Kullback-Leibler divergence (relative entropy) between probability density functions.

We refer the reader to the survey papers by [12-14] and [15] for further structural results
as well as algorithmic and computational methods for approximating POMDPs. Notably, for
POMDPs!! presents structural results on optimal policies under monotonicity conditions of
the value function in the belief variable.

[16] studies near optimality of finite window policies for average cost problems where the
state, action and observation spaces are finite; under the condition that the liminf and limsup
of the average cost are equal and independent of the initial state, the paper establishes the
near-optimality of (non-stationary) finite memory policies. In another related direction, [17]
studies finite memory approximation techniques for POMDPs with finite state, action and
measurements. The POMDP is reduced to a belief MDP and the worst and best case predictors
prior to the IV most recent information variables are considered to build an approximate belief
MDP. The original value function is bounded using these approximate belief MDPs that use
only finite memory, where the finiteness of the state space is critically used.

Our paper generalizes several recent studies [18-21] and the review paper [22]. In these
studies, finite memory approximations as well as quantized belief approximations are studied,
and near optimality of the approximations and their associated Q learning algorithms are pro-
vided under certain controlled filter stability assumptions, both for discounted and average cost
criteria. However, the methods provided in these papers are tailored towards finite observation
spaces, and the efficiency of the algorithms can be affected significantly for large observation

spaces. The current paper addresses this gap.
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We dedicate this paper to Professor Peter E. Caines, who has shaped stochastic control the-
ory fundamentally in a variety of directions. In the context of this paper on control with partial
information, the contributions of Professor Caines in a variety of contexts include: Filtering

(23] partially observable jump parameter systems!?4,

theory and associated stability analysis
control with Poisson measurements!?®, mean-field games with noisy measurements?, observer
design for automatal?”, and filtering in Riemannian manifolds(®8!. A particular connection with
our current paper is that observability entails filter stability (see [29-31]) which then leads to
near optimality of sliding window control policies, not unlike the case in classical stochastic
linear systems theory[®¥ where observability implies near optimality of finite memory output
feedback. Our paper makes this analysis precise for a large class of systems.

Contributions In this paper we develop rigorous approximations and learning results for
POMDPs with Borel state, action, and measurement spaces. Furthermore, under regularity
conditions, we obtain rigorous (finite dimensional) approximations, and under explicit filter
stability conditions, we obtain near optimality bounds of finite window based policies which
then leads to finite model approximations.

Notably, we quantize either the state space or the measurement space, noting that it is well
known by now that action spaces can be quantized with arbitrarily low loss in performance
under weak continuity conditions (see [32] and [33, Theorem 3.16]).

Quantization of the hidden state space results in a belief state process which takes values
from a simplex. Hence, the problem can be solved via this simplex valued approximate belief
state and leads to a finite-dimensional filter which can be computer with relative ease. We
present sufficient conditions to guarantee the near optimality of this discretization method in
Section 3.

Furthermore, in Section 4, we study the performance of finite window based policies and
relate the performance loss due to finite window restriction to controlled filter stability.

In Section 5, towards a finite model approximation, we quantize the measurements and
obtain performance loss bounds due to the approximations of the measurements to finite ones.
This quantization leads to a garbling of information and therefore the performance loss can be
obtained with such a perspective, as we show in the paper.

The analysis above culminates in a joint analysis of the performance loss due to measurement
quantization and finite window restriction in Section 6.

By quantizing the measurement space we are able to utilize refined filter stability conditions.
In particular, discretization on the observation variables results in an approximate non-linear
filter where the conditioning is based on a less informative information process. We present
explicit conditions under which the approximate filter is stable as well. This in turn implies
near-optimality of the discretized finite-window information variables.

Finally, Section 7 applies the analysis above to reinforcement learning via finite memory
Q-learning, which is shown to converge to near optimality under the conditions noted above.

Compared to the results in the literature, this paper is the first one to our knowledge which
considers the case with continuous space measurements and establishes explicit conditions on the

near optimality of finite window policies, and also with a learning algorithm under convergence
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NEAR OPTIMAL APPROXIMATIONS FOR POMPDS 241

guarantees to near optimality.

Before we start out analysis, building on [34], we first review some technical tools we will
need along the paper.

For the analysis of the technical results, we will use different notions of convergence for
sequences of probability measures.

Two important notions of convergence for sequences of probability measures are weak con-
vergence and convergence under total variation. For some N € IN, a sequence {u,,n € IN}
in P(X) is said to converge to p € P(X) weakly if [ c(x)un(dx) = [ c(x)u(dzx) for every
continuous and bounded ¢ : X — R.

For probability measures u, v € P(X), the total variation metric is given by

lw—=virv =2 sup |u(B)—-v(B)|= sup
BeB(X) Fillfllo<1

ﬂﬂwwﬁ—/f@WW@7

where the supremum is taken over all measurable real f such that ||f||cc = sup,ex |f(z)] < 1.
A sequence p, is said to converge in total variation to p € P(X) if ||pn — |7y — 0.

Finally, for probability measures p,v € P(X) with finite first order moments (that is,
[ |lz|| dv and [ ||z| du are finite), the first order Wasserstein distance is defined as

Wi(p,v) = inf E[|X -Y]|]= sup /f(x)u(d:c)—/f(a:)u(dx)

I'(p,v) fiLip(f)<1

7

where I' (i, v) denotes the all possible couplings of X and Y with marginals X ~ g and Y ~ v,
and

Llp(f) = sup M

e#e’ ”e - eI”

)

and the second equality follows from the dual formulation of the Wasserstein distance (see [35,
Remark 6.5]). Note that the weak convergence and the Wasserstein convergence are equivalent
if the underlying space is compact.
We can now define the following regularity properties for the transition kernels:
o T (|, u) is said to be weakly continuous in (z,u), if T (-|xn,un) — T (-|x,u) weakly for
any (Tn,u,) — (z,u).
e T (-|x,u) is said to be continuous under total variation in (z, u), if || T (-|zn, un) =T (-|z, w)|| v

— 0 for any (zp, up) = (z,u).
e T (:|z,u) is said to be continuous under the first order Wasserstein distance in (x, u), if
Wi (T (|n, un), T (-]z,u)) — 0,

for any (xn,un) — (z,u). To ensure continuity of 7 with respect to the first order
Wasserstein distance, in addition to weak continuity, we may assume that there exists a
function g : [0,00) — [0, 00) such that as t — oo, @ 1 00, and

sup /ﬂmmn@mw<m

(z,u)e K XU

@ Springer
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for any compact K C X. Note that the latter condition implies uniform integrability
of the collection of random variables with probability measures T (dz1|Xo = xp,Up =
Up) as (Tn,un) — (z,u), which coupled with weak convergence can be shown to imply

convergence under the Wasserstein distance.
Example 1.1 Some example models satisfying these regularity properties are as follows:

(i) For a model with the dynamics 411 = f(x¢, us, wy), the induced transition kernel 7 (-|x, u)
is weakly continuous in (z,u) if f(z,u,w) is a continuous function of (z,u), since for any

continuous and bounded function g
/ ) Tl 1) = [ 9F (@t )) ()
- / o (&, w) () = / 9(e)T (deer |2, ),

where ;1 denotes the probability measure of the noise process. If we also have that X is
compact, the transition kernel 7 (+|z, u) is also continuous under the first order Wasserstein
distance.

(ii) For a model with the dynamics x411 = f(x4,us) + wy, the induced transition kernel
T (-|z,u) is continuous under total variation in (x,u) if f(z,w) is a continuous function of

(z,u), and w; admits a continuous density function.

(iii) In general, if the transition kernel admits a continuous density function f so that T (dz1|x, u)
= f(x1,2,u)A(dx1), then T (dxi|z,u) is continuous in total variation. This follows from
an application of Scheffé’s Lemma (see [36, Theorem 16.12]). In particular, we can write
that

1Tl un) = Tz u)llrv = /X [f (@1, 2, un) = fz1, 2, 0)|A(der) — 0.

(iv) For a model with the dynamics 411 = f(x, ug, wy), if f is Lipschitz continuous in (x, u)
pair such that, there exists some a < co with

|f (@, tn, w) = flz,u,w)| < O‘(lxn —CC| + |un _U|)7

we can then bound the first order Wasserstein distance between the corresponding kernels

with a:

Wi (T (|n, un), T(|2,u)) = sup

Lip(g)<1

[ stenT@anlenun) - [ o) T (1o,

= sup
Lip(g)<1

< / 1 (st ) — (2,10, w)] (o)

<a(|zn — 2|+ [un — ul).

[ s wntaw) - [ g(f(a:,u,w»u(dw)\
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2 Partially Observed Markov Decision Processes and Standard Solu-
tion Methods

Let X C R™ denote a Borel set which is the state space of a partially observed controlled
Markov process for some m € IN. Let Y C R™ be another Borel set denoting the observation
space of the model, for some n € IN, and let the state be observed through an observation
channel O. The observation channel, O, is defined as a stochastic kernel (regular conditional
probability) from X to Y, such that O(-|x) is a probability measure on the sigma algebra
B(Y) of Y for every z € X, and O(A|-) : X — [0,1] is a Borel measurable function for every
A e B(Y).

We will assume that the channel admits a density function g(z, y) with respect to a reference
measure A(dy) € P(Y) such that

O(dy|z) = g(z,y)\(dy).

U C R* denotes the action space for some k € IN.
An admissible policy v is a sequence of control functions {7, t € Zy} such that ~; is
measurable with respect to the o-algebra generated by the information variables

Ht = {}/[O,t]a U[O,t—l]}a te ]Na IO = {Yo}a

where Uy = 74(I;),t € Zy, are the U-valued control actions and Yy, = {¥, 0 < s <
t}, Uppi—1) = {Us, 0 < s <t —1}. When we consider a particular realization of the infor-
mation variables, we use the notation h;. We define I' to be the set of all such admissible

policies. The update rules of the system are determined by the following relationships:
Pr((Xo,Yy) € B) = /Bu(dxo)O(dyo|xo), BeB(XxY),
where p is the (prior) distribution of the initial state Xy, and
Pr((XhYt) € B|(X,Y, U)[O,tfl] = (xvyau)[O,tfl]) = /BT(d$t|$t—1,ut_l)O(dyt|$t)7

B e B(XxY),t €N, where T is the transition kernel of the model which is a stochastic kernel
from X x U to X. We let the objective of the agent (decision maker) be the minimization of
the infinite horizon discounted cost,

oo

To(p, 0.7) = Y BT ED7 [e(Xe, U], (1)

t=0
for some discount factor 5 € (0, 1), over the set of admissible policies v € I', where ¢ : XxU — R
is a Borel-measurable stage-wise cost function. EE"Y denotes the expectation with initial state
probability measure p, under the transition kernel 7 the channel O and the policy v. Note
that u € P(X), where we let P(X) denote the set of probability measures on X. We define
the optimal cost for the discounted infinite horizon setup as a function of the priors and the

measurement channel as
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J5(p, 0) = Inf, Js(p, O,7).

The solution of the problem in its current formulation requires one to find a control over

the information variables

ht = {yov" * Yt U0, 7ut—1}-

Hence, the length of the information grown over time. In particular, the space I; lives in,
Y! x U'~! grows exponentially. This leads one to use compressed versions of the original
information variable I;. A generic solution method for POMDPs then involves a compression

scheme
ht — Zt, (2)

where the new state space Z does not grow over time and z; defines controlled Markov chain
lets one to use standard methods to solve the optimal control problem. Ideally, the compression
map (2) is without loss of optimality. However, one might also work with lossy compression
maps with controllable loss bounds, where the compressed state z; computationally appealing,
which will be the main focus of this paper.

In what follows, we will introduce different compression schemes, and present approxima-
tions with provable error bounds.

We start by introducing the most commonly used approach for the compression of the
original information state, where the decision maker keeps track of the posterior distribution of

the state X, given the available history h;. In the following section, we formalize this approach.

2.1 Reduction to Fully Observed Models Using Belief States

It is by now a standard result that, for optimality analysis, every POMDP can be reduced
to a completely observable Markov decision process (see [37, 38]), whose states are the posterior

state distributions or beliefs of the observer or the filter process; that is, the state at time ¢ is
2 = Pr{Xt S -|Y0,-'- , Y, Ugy - - ,Utfl} EP(X) (3)

We call this equivalent process the filter process . The filter process lives in Z := P(X) such
that {z:}: C P(X). Therefore, the state space of the new model can be viewed as Z = P(X)
and the action space remains as U. Here, Z is equipped with the Borel o-algebra generated
by the topology of weak convergencel®. Then, the transition probability 7 of the filter process
can be constructed as follows. If we define the measurable function

F(z,u,y) =Pr{Xep € |2y = 2,Ur = u, Vi1 = y}

from P(X) x U x Y to P(X) and use the stochastic kernel P(-|z,u) = Pr{Yi41 € -|Z, =
2, Uy = u} from P(X) x U to Y, we can write 7 as

77( |Z,’LL) = A{l{F(zu,y)G}P(dy|zau) (4)

@ Springer
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The one-stage cost function ¢ : P(X) x U — [0, 00) of the filter process is given by

¢(z,u) ::/Xc(x,u)z(de (5)

which is a Borel measurable function. Hence, the filter process is a completely observable
Markov process with the components (Z,U, ¢, n).

It is well known that an optimal control policy of the original POMDP can use the belief Z;
as a sufficient statistic for optimal policies (see [37, 38]), provided they exist. More precisely, the
filter process is equivalent to the original POMDP in the sense that for any optimal policy for the
filter process, one can construct a policy for the original POMDP which is optimal. Existence
then follows under measurable selection conditions, e.g., satisfied by the aforementioned weak
Feller continuity of the belief MDP (see [40]). In particular, this applies when the belief-MDP
is weak Feller (see [10, 11]), the action spaces are compact and the cost function is continuous
and bounded.

Even though, the belief MDP approach provides a strong tool for the analysis of POMDPs,
solution of POMDPs may not be computationally feasible in general. This stems from mainly

two reasons:

e Computation of the belief state hy — 2; = P(X; - |ht) is not tractable in general, except
for a few special cases, e.g., Kalman filter for linear and Gaussian additive noise dynamics,

or for finite models.

e The belief space Z = P(X) is always uncountable even when X, Y and U are finite.
Thus, even one is able to track and compute the belief state, the solution of the control

may not be practical.

Therefore, approximation of the belief-MDP is usually needed.

2.2 Discretization of Action Sets

For a weak Feller belief MDP (see [10, 11]), [33, Theorem 3.16] (see also [41]) has established
near optimality of finite action policies. If U is compact, a finite collection of action sets can be
constructed, with arbitrary approximation error. Accordingly, we will assume that the action

spaces are finite in the following.

3 Approximation via Quantization of the (Hidden) State Space
The first approach we present builds on the discretization of the hidden state space X. This

methods will rely on the model knowledge.
We first focus on the discretization of the observation variables. For the discretization, we
choose disjoint subsets {Ai}f\io C X such that U;A4; = X. We define a finite set

XM = {xo,'-- ,LCM}.

Furthermore, the discretization map ¢¥x : X — XM is defined such that

@ Springer



246 KARA ALI DEVRAN - BAYRAKTAR ERHAN - YUKSEL SERDAR

Ux(z) =, ifxe A (6)

In other words, the discretization checks what bin or set x belongs to and maps it to the
representative element of that bin.

Using this discretization scheme, we introduce appropriately normalized transition and chan-
nel kernels 7 and O, following and generalizing (see [6] and [33, Chapter 4]): We first choose a
weighting measure 7(-) € P(X). For some x € A;, we define

Tl = [ TCRwm(@), () = [ OC)m(dz), @

where ;(+) = ﬂ’z;?). Note that the approximate channel density can be written similarly as

i

g(z,y) = / 9(z,y)m.(dz).

i

We also define the following auxiliary cost function:
c(z,u) = /c(z,u)m-(dz).

These approximate kernel and functions can be seen to defined either on the finite set X or on
the original space X by extending them as constant over the quantization bins.

We define the infinite horizon discounted cost for this approximation by
T 0,7) = 37 B'EQ 7 [e(Xe, U] (®)
t=0

for some discount factor § € (0,1), over the set of admissible policies v € I', where Ef?”
denotes the expectation with initial state probability measure p and the transition kernel for
the discretized model 7 and the channel O under policy ~v. We define the optimal cost for the
discretized model by

~ ~

J5(p, 0) = Inf, Js(1, O,7).

The above construction implies the following immediate result.

Assumption 3.1 We assume that
a. |c(z,u) — (2’ u)|] < K ||lx — 2’|, for some K, < 0o and ||¢||e < 00.
b. Wi (T (|, u), T(+|z,u)) < Kr||la — z||, for all u € U.
c. [|0(]z) = O([2)llrv < Kollz — 2|, (or |g(z,y) — g(z,9)| < Kollz — z[),

for all z,z € X for some Ky < oo.
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Lemma 3.2 Under Assumption 3.1, we have that

Wi (TCla,w), Tl w)) < KrLx,

|0(-|z) = OC|2)llrv < KoLx, (lg(z,y) — §(z,9)| < KoLx),

where
Lx = max su z— z||. 9
X = dpax, s [ | (9)
Proof The proof can be found in Appendix A.1. |

The following result will be critical to prove the main result of this section:

Lemma 3.3 Under Assumption 3.1, we have that

t n t
| B [e(Xe, 1 (Vo)) = B [6(Xe 1 (YVio)]| < Kollelloolx Y- D7 K + Kelx Y K,

n=0m=0 n=0

for any policy v € I' where E and E represent the expectation operators respectively under the
models (T,0) and (T, 0).
Proof The proof can be found in Appendix A.2. |
Proposition 3.4 Under Assumption 3.1, if we further assume that BKr < 1, we can the
write
KOHCHOOLX KCLX
(1-p)2(1 = BKr) (1-pB)(1—BKr)’

J5 (10, 0,7) — Jg (10, 0,7) <

for any admissible policy v € I.

Proof Note that we have

Ja(o, 0,7) = 3 BE, [e(Xe.v(Yio))] . Js(ko,0.7) = D B'E}, [e(Xe,v(Yiou))] -
t=0 t=0
Hence the result is a direct application of Lemma 3.3. |

3.1 Near Optimal Policy Construction Based on Finite State Space

Recall that the control of the partially observed system can be reduced to the control of a
belief MDP. For the belief state based control, the decision maker calculates and applies the
optimal policy v*(+) : P(X) — U, by tracking the belief state

m = Pr(X; € '|Y[o7t], U[Ogﬁ])-

As a result of discretization of the hidden state space, the agent can construct the conditional
probabilities on the finite state space X, using the observations. At time ¢, the belief state on
X can be written as
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(1) = Pr(Xe = ilyjo,4), ujo,t-1))
B 20y 90y T ([F e 1, we1)Teo1 (Te1)
S s, G @ y) T @|Tem1, we1)Too1 (Te—1)

=: G(%t_l,yt,ut_l)(i), (10)

and thus the decision maker can track the belief state via these iterations. Furthermore, the
control policy can be solved for the belief state on the simplex P(X) C RXI using the belief
MDP that corresponds to the transition and channel model ’f', and O (or the channel density
9(Z,y)). The resulting policy 7 : ’P(X) — U can also be realized as a mapping from h; =
{104, uj0,t.—17} to U since the belief at any time ¢ is also a function of hy, i.e.,

@) = A(Pr(Xs € Y0 uo-1)))-

One can then directly apply Proposition 3.4 to find an upper-bound for the performance loss

of the approximate control policy:

Theorem 3.5 Under Assumption 3.1, if we further assume that BKp < 1, we can the
write

2Ko In + 2K,
(1-B)2(1—BKr) ' (1-B)(1— BKr)

where 7 is the optimal policy for the control problem based on the discretized hidden state space

J(po, 0,7) — J3(p0,0) < Lx,

X. Note that the first term above represent the realized accumulated cost if one applies the
policy based on the the finite space for the true system, whereas the second term is the optimal

cost that can be achieved for the correct model under admissible policies.

Proof We write
Jo(10,0,3) = T (110, 0) < | Ja(110,0,7) = T (10, 0)| + | T 110, 0) = T o)

The first term is bounded by Proposition 3.4 as both costs are induced by the same policy
~. For the second term, we can also use Proposition 3.4 with the following extra step: If

~ ~

J5 (o, O) > J5 (1o, 0),

[ 7500, 0) = T5(10,0)| < T (110, 0.7") = T3 (10, ),
if f;(uo, 0) < Jj (110, O), we can then write

[ 7310, 0) = J5(10,0)| < Jaat0, 0,7) = T (1o, ),

where we used the fact that J3(uo, O) = Js(po, O,7*) and f;(uo,é) = j@(uo,aﬁ), and the
fact that 4 and v* are optimal for the corresponding models, so using any other policy increases
the cost. Hence, in either case, we can use Proposition 3.4 which concludes the proof. |
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3.2 Asymptotic Analysis

In this section, we analyze the performance of the hidden state discretization method asymp-
totically. For this part, rather than choosing an arbitrary quantization scheme, we will work
with a particularly constructed quantization scheme. We assume here that X is compact, and
for some n € IN, we select a finite set (whose existence is guaranteed under the compactness

assumption) Xn ={xn1, "+, Tnk,  such that

1mi% lx — @n4l| <1/n, forall x € X.

sRn

That is, X,isal /n net in X. We choose the construction sets A;’s, in a nearest neighbor way
such that

max sup |z —2a'| <1/n.
v oxa'€A;

We will construct the approximate transition and channel kernels in the same way as (3.1).
But, we will denote them by 7, and O,, to emphasize their dependence on n € IN.
Furthermore, instead of using Assumption 3.1 with Lipschitz continuity we will assume the

following:

Assumption 3.6 We assume that
i. ¢(x,u) is continuous in (z,u).
ii. 7(:|z,u) is weakly continuous in (x,u).
iii. The channel O(-|x) is total variation continuous in z.

Remark 3.7 Under the density assumption on the channel O(:|z), we will sometimes

equivalently use the assumption that g(z,y) is continuous in x.
The following then is a direct implication of Assumption 3.6, see also [42, Theorem 16].

Lemma 3.8 Let U be finite. Recall that U is assumed finite, with arbitrarily small loss.
Under Assumption 3.6, we have that

To(lrn, w) = T (|2, u),
weakly for every x, — x, and for every u € U. Furthermore,
[0n(:|zn) — OC|z)l|l7v — 0,

for every x,, — x, and for every u € U.

Theorem 3.9 Under Assumption 3.6, we can then write

Jﬁ(lu“()v vay\n) — J,;(:“Oa O)a

where v, is the optimal policy for the control problem based on the discretized hidden state space
Xn and models 771 and 5n

Proof The proof follows similar steps as in the proof of Theorem 3.5, also see [43, Theo-
rem 4.4] where only transition discrepancy is considered. |
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3.3 A Discussion on the Hidden Space Discretization

One can construct a belief MDP model based on the discretization of the hidden state space,
and using the transition and channel models introduced in (7). This approximation results in
a fully observed control problem where the state space is the simplex on X where |§§| =M.

As a result of this approximation, the belief state on the finite space can be computed itera-
tively using (10). Although, the resulting state space is continuous even after the discretization
of the hidden space, one can apply further quantization directly on the resulting simplex to
find near optimal controllers defined on a finite space; (see [44, Section 5]). Notably, observe
that [45, Theorem 2.6] relates the Wasserstein error with the quantization diameter.

We also note that the hidden state space discretization indirectly approximates the belief
space P(X) as well. In particular, for the finite space X = {x1, -+ ,xp}, all the probability
measures that assign the same measure to the quantization bins, B;’s, form an equivalence class
after the discretization of the hidden space. That is if P, Q € P(X) are such that P(B;) = Q(B;)
for all i € {1,--- , M} then we group P and @ together (and all the other measures that have
the same property). Hence, the methods in [6, 33] and the Wasserstein and weak continuity of
the belief kernel (see [11, 18, 19]) as an alternative approach to establish near optimality.

However, we should recall that this approximation relies on the knowledge of the model. In
particular, the belief state on the finite set X is computed with the model knowledge. Hence,
combining this approximation method with learning methods may not be possible if one only
has access to the noisy observation, yjq ;, and control action, ug , variables for learning period,
the estimation of the kernels 7 (-|x,u) and O(:|z) is possible if one has access to the hidden
state process as well.

Hence, in what follows, we will focus on alternative compression schemes that uses finite

memory information variables.

4 Finite Memory Based Compression

In this section, we will focus on compression schemes using the finite memory information
variables. We note that unlike the methods in Section 3, we keep the hidden state X as it is,

and do not discretize it for the techniques used in this section.

4.1 An Alternative Finite Window Belief-MDP Reduction

The construction in this section will build on [21]. The belief MDP reduction reveals that
for the optimal performance, belief state is a sufficient knowledge about the system, hence,
one needs to keep track of all the past observation and actions variables. In this section,
we will focus on the effect of the finite memory use on the performance decrease as opposed
to the full memory of the past. To this end, we construct an alternative fully observed MDP
reduction using the predictor from N stages earlier and the most recent N information variables
(that is, measurements and actions). This new construction allows us to highlight the most
recent information variables and compress the information coming from the past history via the

predictor as a probability measure valued variable.
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Consider the following state variable at time t:

2= (m_no bt (11)
where, for N > 1
7Tt__N = PN(thN S '|yt7N717' Yo, Ut—N—1," " 7u0)7
h’ijfv = {ytv" L Yt—N,Ut—1, " ;ut—N}v

and hYY = y; for N = 0 with p being the prior probability measure on X,. Above, we use the

notation
P#(Xt—N S '|yt—N—1) et 7y0) Ut—N—1,""" 7u’0) = Pr(Xt—N S '|yt—N—1) et 7y0) Ut—N—1,""" 7u’0)7
which is the posterior distribution of X;_y conditioned on {y:—n_1, ", Yo, Ut—N—1," " , U0}

with a prior distribution u ~ Xj.

The state space with this representation is Z = P(X) x YN +1 x UV where we equip Z with
the product topology where we consider the weak convergence topology on the P(X) coordinate
and the usual (coordinate) topologies on YV 1 x UN coordinates.

We can now define the stage-wise cost function and the transition probabilities. Consider
the new cost function ¢ : Z x U — R, using the cost function ¢ of the belief MDP (defined
in (5)) such that

/C\(/Z\t,’u,t) :/C\(W;_Nah{tvaut) = / c($t7ut)P7rt_7N(dxt|yt7" S Yt—N,Ut—1," " 7ut7N)' (12)
X

In particular, noting that

TNy =P XN € Jys-N_1,"" Y0, Ut—N—1," " ,U0),
we have
PN (dae|ye, - 5 Yeo Ny W1, Ut N) = PP(dze|ye, -+ Yo, Ut—1, - 5 Up),
which implies
G ur) = Ay b ug) = /Xc(a:t,ut)P”f_—N(da:t|yt, YN Wty o)

:/ C($t7ut)PM(dxt|yt7”' y Yo, Ut—1, ,U,O).
X

Furthermore, we can define the transition probabilities for N = 1 as follows: For some
A € B(Z) such that

A=DBx {/y\t+la/y\taat}a B e B(P(X))a §t+1737t7at € Y2 x U

conditioned on a path of state and action variables zy, - - - , 2o, Uy, - - - , Ug, We write
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PI‘(Z\H.l S A|2t,' e 7203uta' o 7u0)

=Pr(lly € B,Yit1 =Yet1, Ve = U, Ue = Welmpg ,_y)5 jo,1), o))

= - _ _ T (7
]l{yt:yt,utzut7G(7Tt,1,yt—1,ut—1)€B}P (yt"’l |yt’ Yt—1, Ut, ut_l)

=Pr(Il; € B,Yi41 = U4+1,Ye = U, Ur = Ue| Ty _ 1 Yt Y1, U, Up—1)
:Pr(ZH € Az, up) =: /Aﬁ(dgtﬂﬁt,ut), (13)
where the map G is defined as
G(my_1, Yr—1,ur—1) = P*(Xy € “|lyp—1, -+ , Yo, Ue—1, -+ , o).

Hence, we have a proper fully observed MDP, with the cost function ¢, transition kernel 7
and the state space Z. Furthermore, we denote by I , the set of admissible policies for the new
state model defined in this section.

We now write the discounted cost optimality equation for the newly constructed finite
window belief MDP.

J5(2) = inf (6(2, w)+ B / VHENCET u)>. (14)

This construction results in a fully observed control problem with a state space Z that does
not grow over time, and is without loss of optimality. However, the first coordinate of the state
variable Z; = (m;_, k), which is the predictor at time ¢t — N, requires the model knowledge
and can be practically hard to track much like the belief state. Therefore, we introduce an
approximation method in the following section that maps this predictor to a fixed point and

keeps the finite window information variables untouched.

4.2 Approximation of the Finite Window Belief-MDP
The alternative belief MDP model constructed in the previous section lives in the state
space

Z = {7, y0,8), upo,n—1) : ™ € P(X), yjo,n] € YNH,U[O,NA] e UMy,

where the first coordinate summarizes the past information, and the second and the last coor-
dinates carry the information from the most recent N time steps.
Consider the following set ZN. for a fixed 7* € P(X),

zZN = {7, ypo,n)> Upo,N—1] : Yjo,n] € YN T ug v € UV,

such that the state at time ¢ is Z)¥ = (7*, h¥). Compared to the state z; = (7, 5, hl¥) defined
n (11), this approximate model uses 7* as the predictor, no matter what the real predictor at
time t — N is.

The cost function is defined as

E(Egv,ut)za(w*,hgv,ut)z/ c(@e, ur)P™ (dwelye, - ye—n w1, s w-n). (1)
X
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We define the controlled transition model for some z}\; = (7*, A, ;) and z;' = (7%, h})),
ﬁN(/z\zg\—ri-llgivﬂ up) = ﬁN(W*v hﬁ_ﬂﬂ*, hi\/’ ut) == n(P(X), hi\-,H'W*v hi\/’ ut), (16)

where 7] is the transition kernel of the alternative finite window belief MDP reduction, see (13).
In words, starting from the state z¥ = (7*,h)¥) under the action u;, for any possible future
state under the dynamics of the true world (i.e., 1), we apply a crude quantization for the first
coordinate and map any m,_ n, € P(X) to 7*.

For simplicity, if we assume N = 1, then the transitions can be rewritten for some hﬁl =

(Fet1, Je, ue) and bl = (Yo, ye—1,ue-1)
N (7 Gt Tes U7 Yty Y1, we—1, ue) = G(P(X), Gt P Ue| T, e, Y1, U1, )
= Tygimean P™ Gty ve—1,we, ue1).  (17)
We denote the optimal value function for the approximate model by J év . We also denote
by ¢ an optimal policy for the resulting approximate model. Note that both J3" and ¢V are

defined on the set 2,],\7 However, we can simply extend them to the set z by defining for any
Z = (7,91,%0,u0) € Z (assuming N = 1),

jév(g) = jév(ﬂ-7y1?y07u0) = Jév(ﬂ'*vylvy()au())a
¢N(/Z\) = ¢N(7T7y17y07u0) = ¢N(7T*7y17y07u0)'

Another interpretation of the extension is the following: Since the predictor 7* is fixed ¢ can
be thought as a map from A to U, hence it maps the most recent N information variables to
the control actions. At any given time, one can simply choose the control action by looking at
the most recent N information variables according to ¢ and ignore the past. See Figure 1 for
a comparison of finite memory belief reduction

Y0, U0 Y1, W13 Y2, U2 Y3, U5 3 Ye—1, Ue—13Yt — ol Y [ ADMISSIBLE POLICY

T — Y T BELIEF REDUCTION

Tt—N_3Yt—NsUt—N3 " Yt—1,Ut—13Yt — gl Y L et FINITE WINDOW BELIEF REDUCTION

l Quantizing the prior 7 n_

RN Ut NG Y1 U1 Y Y | wu,  APPROXIMATE FINITE WINDOW MDP

Figure 1 Construction of the Finite-Window Approximate MDP from the Finite-Window Belief-
MDPPYU. The quantization of the finite window MDP model leads to the collapse of the

first coordinate to a fixed measure

We define the following constant:

Ly :=sup EZO_ [I1P™ (Xt € [Yisn)s Ut n—1))
Sel

- P (Xt4n € [Yje4n]s U[t,t+N—1])||TV]7 (18)
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which is the expected bound on the total variation distance between the posterior distributions
of X; N conditioned on the same observation and control action variables Y} ;1 N7, U i n—1]
when the prior distributions of X; are given by 7, and 7*. Above, I’ denote the set of admissible
policies for the alternative finite window based state model defined in Subsection 4.1.

Proposition 4.1 (see [21, Theorem 3.3])  Let Xo ~ u and consider HY = {Yy,--- , Y, Uy,
-+« Un—1} with a policy 7 acting on the first N steps. For Zo = (u, HY),

£} (|20, %) - 5320 < 2L gmt,

where JQ(Z), 5N) is the cost under the finite window policy $N, and JE(Z\O) 1s the optimal value
function for the initial point Zo (see (14)). Furthermore, the expectation is with respect to the

random realizations of HY .

The finite memory approximation method we have presented in this section results in a
compression scheme with a loss of optimality since the information prior to time ¢ — N is
ignored. This loss, on the other hand, is controllable with the term L; (18). Furthermore, the
state space of this approximation is Y~ x UN~! where N is fixed and thus the state space does
not grow over time. To track this finite memory state, the controller does not have to perform
an extra compression step and can simply use the finite memory variables as they are.

However, for continuous observation spaces, the finite memory approximation will still not
be leading to a finite model. To this end, in the next section, we will focus on the discretiza-
tion of the observation space. We first focus on the observation discretization without the
finite memory requirement, and then we combine the observation discretization with the finite

memory method.

5 Quantization of Observations and Loss in Performance

The belief MDP reduction reveals that for the optimal performance, belief state is a sufficient

knowledge about the system That is, at any given time ¢, the controller can use
2 = Pr{Xt c - |Y07 - Y, Uy, - - ,Utfl} S P(X)

Hence, one needs to keep track of all the past observation and control action variables. Even
when the memory is not a constraint, computation of the belief state is not trivial as the
observation space is assumed to be continuous.

We first focus on the discretization of the observation variables. For the discretization, we
choose disjoint subsets {Bi}f‘io C Y such that U; B; = Y. We define a finite set

YM = {y07"' 7yM}

Furthermore, the discretization map ¢y : Y — Y M is defined such that

Yy (y) =y, ifye B (19)
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In other words, the discretization checks what bin or set y belongs to and maps it to the
representative element of that bin. Selection of the disjoint sets depends on the application and
the control problem.

Using the discretization procedure, one can define a further POMDP model, which uses a
channel, say O(-|z), defined on the finite space Y ;. Note that this channel is different than

the one introduced in (7), but we use the same notation. For any y; € Y
O(yilr) = O(Bilx). (20)

This channel is clearly degraded with respect to the original channel, since y; is conditionally
independent of x given the original observation y.

Therefore, for prior distribution on x given by u, one can define the optimal cost under the
discrete observations by

~ ~

J5(p, O) = inf Js(p, 0,7),
yel’
where the policies, 7 € I’ are measurable with respect to the o-algebra generated by the new
information variables where the observations take values from the finite set Y;,.

5.1 Effect of Observation Discretization

In this section, we study the effect of observation discretization on the optimal value. Recall
that the original channel is modeled as a stochastic kernel and denoted by O(dy|x). Further-
more, we assume that this channel admits a density function with respect to a reference measure
A(dy) such that

O(dy|r) = g(z,y)\(dy).

The observation space discretization is introduced in Section 5, and the resulting channel is
denoted by 6, which is defined on the finite space Y s such that for any y; € Y s

O(y;|z) = O(Bi|z),

where B;’s are the quantization bins (or the aggregate sets). We will further assume that the

observation space Y C R"™ is compact. Our goal in this section is to find bounds for the term

inf J(p, 0,7) — inf Ja(u,0,7),
yel ver
where I is the set of policies that use the discretized observations, and I" is the policies that
use the original observations, and p is the prior distribution of xy. Furthermore, the first term
is greater as Oisa degraded channel in comparison to O.

We define the following notation, denoting the uniform error bound due to the discretization
of the observations

Ly = max sup |y — 9| 21
i€{17"',M}y,y’eBi|y Y| (21)

We now state the assumptions and the result formally.
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Assumption 5.1 e O(dy|z) = g(x,y)A\(dy), and g(y, x) is continuous in y for every

reX.
e Stage-wise cost function c(z,u) is bounded such that sup, ,, c(z,u) = ||c[|oc < 00.
Assumption 5.2 e Y C R" is compact.

e O(dylz) = g(z,y)A(dy), and g(y,x) is Lipschitz in y, such that |g(z,y) — g(z,y')| <

ayly — | for every y,3' € Y and z € X for some ay < oo.

e Stage-wise cost function c(x,u) is bounded such that sup, ,, c(z,u) = ||c[|oc < 00.
Theorem 5.3 Under Assumption 5.1,
Jim (J5(1,0) = T5(1.0)) =0,

where J(p, 0) = info 7 Ja(u, 0,7) and J5 (1, 0) :=infyer Jg(p, 0, 7).
Theorem 5.4 Under Assumption 5.2,

T5(1.0) = (1. 0) < 53

Proof We will only prove Theorem 5.4, the proof for Theorem 5.3 follows from almost

l[ellsocey Ly

identical steps.

We start by introducing a new channel O'(dy|x) acting on the original observation space
Y. The new channel is conditionally independent of everything else given the output of the
discrete channel O, and it gives a uniformly distributed (with respect to the measure A(dy))
random value from B; if the output of the finite channel O is y;. Hence, the new channel O’

admits a density function, say ¢’, with respect to A, such that for some ¢y’ € B;

g'(z,y) = 0;5;56) = A(lBi)L g(z,y)\(dy).

Note also that, since we assume that Y is compact, the subsets B;’s are bounded and the uniform

distribution is well defined on these sets. Using the assumption that g(x,y) is Lipschitz in y,
we can conclude that

9'(,y) — g(z,y)] < aymax sup |y—y'| <ayLy. (22)
v yyEB;
This new channel is introduced only for mathematical convenience, in order to define the de-
graded POMDP on the same observation space as the original POMDP model. Furthermore,
since the only information one can infer about the hidden state z, is through the discrete ob-
servations y;, the channel O’ is a garbling of the channel 0. Hence, it is a direct consequence
of Blackwell’s informativeness theorem[*¢) that

J5(1,0") > Js(p, ).
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In fact, one can show that the costs are indeed equal, however, we will only use the inequality as
it is sufficient for our purpose. Furthermore, since O’ sends values from the original observation
space Y, the POMDP model with O’ also uses the policies from the set I". Therefore, denoting
the optimal policy designed for the original channel O by ~*, if we apply this policy for the
channel O', we get a larger cost, i.e., Jg(u, O',7*) > J5(u, O"). Hence, for the rest of the proof,
we will assume that both models use the same policy.

By [47, Theorem 6.2] we establish the following relation:

1 T5(1, 0", %) = T, O, 1) < Y B¥ el ok Sggl\()’(-lﬂv) = O([)[v-
k x

Furthermore, using (22), we can write that
sup |O'(.|z) — O(|z)ll7v < ayLy,
zeX

which concludes the proof. |

6 Near Optimality of Finite Memory Feedback with Approximated
Discrete Observations

Although, the observations are discretized, the resulting belief state still takes values from
the space of probability measures and the sufficient information for the optimal control of
the POMDP with the finite observation space, requires the controller to keep track of all the
history. Therefore, as the next step of the approximation, we only focus on a finite memory of

the information variables. We restrict the controller to use the new information variables

oy = {}/>[th,1$]7 Ult—N,t—1}5

where }?} takes values from the finite set Y M- If we denote the set of policies that use ﬁtN , by
ry , the question we ask is the following: Can we find bounds on

int  Ja(n,0.9™) - J5(1,0), (23)

4NN

that is what do we loose if we use a finite memory of discretized observations in comparison the
optimal cost of the original POMDP with continuous observations. This problem also motivates
the natural, though interesting, question: If one has a computational constraint, is it better
to use a finer discretization of the observation space, or use a longer memory by keeping the
dicretizaton rate the same.

To analyze the problem, we first discretize the observations. We then analyze the effect
of finite memory with the discretized observations. On the effect of the finite memory on the
performance, in Subsection 4.2, we have presented bounds on the loss if one only uses a fixed
length of most recent information variables. We remind that the presented results are be valid
for any channel model including the degraded channel model resulting from the observation

discretization.
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6.1 Combined Approximation Algorithm and the Near Optimality of the Approx-
imate Policies Under Filter Stability

In this section, we introduce the approximation methodology, which involves a combination
of observation space discretization and use of finite memory. We then provide an upper bound
on the performance loss when the approximation policy is applied in the original POMDP
model, in terms of the approximation parameters.

The approximation algorithm is as follows:

1) Pick disjoint subsets {B;}, C Y such that U;B; = Y. Furthermore, pick the represen-

tative observation set ?(M ={y1, - ,ynm}, and the discretization map ¢y : Y — XA{M is
defined such that

vy(y) =vi, ifye B
2) Define a new channel 5(|;v) on the finite set Yy, such that for any y; € Yy,
O(yilz) = O(Bif2).

3) Pick a window length N, and define a fully observed MDP, with state space Y2, x UN~1,
the cost function is defined by (15), and the transition model defined by (16) or (17).

Note that, to define the cost and the transitions, the new channel O is used.

4) Solve the optimality equation for the finite fully observed MDP, to construct a policy 7.

Theorem 6.1 Suppose Assumption 5.1 holds and the belief kernel n is weakly continuous
([10, 11]). Let Xo ~ p and consider HYY = {Yy,--- ,Yn,Uo, -+ ,Un_1} with a policy 5 acting
on the first N steps. For Zo = (1, HY) (recall (11)), if the policy found after the steps above,
AN acts after the first N steps

o0

R > 2]l¢flo 3
y Ny _ 7% < t
le\lzgﬂ EP’ |:JB(Z0,'Y ) JB(ZO):| = (1 o /8) tzoﬁ Lt7

where Ly is the filter stability term for the original channel O and the expectation is with respect

to the random realizations of HY .

Theorem 6.2 Suppose Assumption 5.2 holds. Let Xo ~ p and consider HYY = {Yy,--- |
Yn,Up, -+ ,Un—_1} with a policy 7 acting on the first N steps. For Zo = (p, HY) (recall (11)),
if the policy found after the steps above, ¥ acts after the first N steps

B [J5(20.3™) = J3(20)] < ﬁmnoam + fl"f”}}") ;ﬁ%
where
Ly :=max sup |y—1v],
Y Yy EB;
L, = iu? Eﬁ’é [P (Xeqn € '|f/[t7t+N]v Ut+n-1)) — P™ (Xuin € 'DA/[“”N]’ U[t’”N’l])”TV} ’
Je

and oy is the Lipschitz constant of the density function g of the channel O.
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Proof [For Theorems 6.1 and 6.2] We first consider the marginal distribution of Xj:

p2 () = /T(-|x1ﬁ(y1, Y0))O(dy1|x1)T (dz1|z0,7(y0))O(dyo| o) p(do).
Note that we have
Ey | 75(Z0)] = T5(12,0).
We write
E} [J5(20,3Y) = T3(Z0)] < B} [J5(20,3N) = T3 (2, 0)]| + B} [ T3 (112, O) — JT5(Zo)]
= B} [J5(20,7™) = T3(42,0)] + E}. [ T3 (12, 0) = Jj (12, 0)]

Note that 7V is the finite window policy for the channel O. The first difference is bounded by
Proposition 4.1. Therefore, the first bound is related to the controlled filter stability under the
discrete channel O. For the second term, we use Theorem 5.4.

For the proof of Theorem 6.1, the second term goes to 0, by Theorem 5.3. For the first
term, we again use Proposition 4.1 with the fact that the filter stability term under channel 9
converges to the filter stability term under the channel O if the belief kernel 7 is weak Feller. I

6.1.1 A Discussion on Theorem 6.2

One can observe that the first term in the upper bound presented in Theorem 6.2, is only
related to the observation discretization and is not affected by the finite memory use. The
result indicates that higher Lipschitz constants will lead to higher performance improvements
as the dicretization rate grows. Clearly, if the discretization rate is already high, increasing it
further will not make the same impact. For example, for a bounded observation space Y, if the
size of the chosen finite set is M, Ly can be approximated by % under uniform quantization.
Thus, increasing the size to M + 1 would result in

1 1 1
Y A V I Bl VG V)
decrease on the first term of the upper bound where K = %

The second term is related to the controlled filter stability under the discrete channel. This
term is affected by both the window length IV, and the rate of the discretization. Increasing the
window length will clearly decrease the second term. The better discretization rate will change
the second term, since how informative the observations are will also impact the filter stability.
One can perform simulations to study the exact impact of the discretization on the controlled
filter stability. In the following, we will provide some upper bounds for the second term, using
Dobrushin coefficient (Definition 6.3) of the original channel O.

6.1.2 Further Upper-Bounds for Filter Stability via Dobrushin Coefficient

In this section, we discuss the term L; term defined in (18).
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Definition 6.3 ([48, Equation 1.16]) For a kernel operator K : S; — P(S2) (that is a
regular conditional probability from S; to Ss) for standard Borel spaces Sy, S2, we define the

Dobrushin coefficient as:
S(K) =inf Y min(K (x, A;), K (y, A:)),
i=1

where the infimum is over all z,y € S; and all partitions {A4;}, of Ss.

Note that for the channel O Dobrushin coefficient is readily defined, for the transition kernel
T, let
o(T) := inf §(T(-|-,u)).

uelU
We now state the following corollary to Theorem 6.2 and [49, Theorem 3.3].

Corollary 6.4 Suppose Assumption 5.2 holds and let o :== (1 —06(T))(2—6(0)) < 1. Let
Xo ~ p and consider HY = {Yy,---,Yn,Uy,-+ ,Un—1} with a policy 7§ acting on the first N
steps. For the policy found with the algorithm presented in Subsection 6.1, N, acting after the
first N steps we can write that,

el

EZ [JB(Z\OaﬁN) - JE(ZO) < m

(ﬁayLY + 404N) .

Proof 49, Theorem 3.3] implies that

L; = SUE Ez’o {HP’T; (Xt+N S '|i}[t,t+N]7 U[t,t+N—1]) - Pﬂ-* (Xt+N S '|i}[t,t+N]7 U[t,t—!—N—l])”TV}
yer

<2(1-8m)e-s0))"

Hence, we only need to show that

5(0) > 5(0).

However, this is a direct consequence of the definition of Dobrushin coefficient, since for any
discrete channel 57 the quantization bins {B;} forms a partition for Y. |

Corollary 6.4 separates the effects of discretization and finite memory use, in two different
terms. However, we caution the reader that this is only done for an upper bound. In fact, we
do not bound the filter stability term of the discrete channel (3, using the filter stability term
of the original channel O. Instead, we bound an upper bound of the filter stability term for 57
using an upper bound for the filter stability term of the channel O. This can be done since [49,
Theorem 3.3] favors “non-informative” channels.
6.1.3 Utilizing Finite Measurements via a Hilbert Projective Metric Based Bound

for Filter Stability

Via a somewhat different, and more direct, derivation, [20, Subsection 4.2 and Theorem 17]
presented the following alternative condition involving sample path-wise uniform filter stability

term

+N T T*
Lyy = sup sup P™(-lyo,n)» wjo,n—1)) — P ('|y[O,N]7u[O7N71])HTVa (24)

pieP(X) Y[o,N]s%[0,N —1]
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where 7* has been fixed in Subsection 4.2. to show the following uniform error bound:

L+ (az —1)B)
- B)3(1 - azp)

for all 8 € (0,1) under a contraction condition, for some constant az defined in [20].

—=N
lelloo Ly, (25)

N 2
sup ‘Jg(z,wv) — Jﬁ(z)| < (1(

Accordingly, a further method, and one which leads to complementary conditions given the
above, for filter stability is via the Hilbert projective metric (see [50, Lemma 3.8]). Via the

Birkhoff-Hopf theorem, a controlled version of a contraction via the Hilbert metric®® can be
utilized!'%:

Definition 6.5 (Mixing kernel) The non-negative kernel K defined on X is mixing, if
there exist a constant 0 < € < 1, and a non-negative measure A on X, such that

1
EN(A) < K (z, 4) < ZA(A),
for any = € X, and any Borel subset A C X.
With
F(Z7y7u)() =Pr {Xk+1 S | Zk = 27Yk+l =Y, Uk = U},
we note the following:

Assumption 6.6 1) O(y|z) > e >0 for every z € X and y € Y.

2) The transition kernel 7 (.|.,u) is a mixing kernel (see Definition 6.5) for every u € U.

Lemma 6.7 (see [51]) Under Assumption 6.6, there exists a constant r < 1 such that
M (p,y,u), F(v,y,u) < rh(p,v), (26)
for every comparable p,v € P(X) and for every u € U and y € Y where h is the Hilbert

2
}I_Z;Z, €y 18 the mizing constant of the kernel T(.].,u).

projective metric. Here r =
Theorem 6.8 (sece [19]) Under Assumption 6.6, there exist a constant r <1 and K such

that
Ty <V UK. (27)

2 . 1—e2e
Here, K = 25 sup h(my, m}) and r = sup,,cy T where m = F(mo,y,u) and 77 = F(7*,y,u)

and the supremum is taken over all mo, 7, y, u.

Corollary 6.9 (see [19]) Under Assumption 6.6, there exist a constant r < 1 and K such
that

L 17 (208) -3 (@) < Sl )
1-e2¢

1+e2e”
The implication of the quantized approximation is that we can ensure that upon quantization

Here, K = 1023 SUD;— h(EF (mg .y, w), F(m*,y,u)) and r = sup,cy

each bin can satisfy the condition that O(y|z) > £ > 0. That is, the original measurement kernel
may not satisfy the contraction condition but the finite measurement model may, leading to the
applicability of the bound above. Note that the conditions are complementary when compared

with those building on the Dobrushin coefficient based analysis above.
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6.2 Comparison of Discretization Rate and Finite Window Length

Consider, for example, the original channel O, is fully “non-informative” and provides a
random observation y uniformly distributed on Y, then the discretization of the observation
space will not lead to any improvement as the Lipschitz constant, ay = 0. However, using
a longer window, will improve the performance. In particular, for this case the Dobrushin
coefficient of the channel becomes §(0) = 1, thus a = (1 — §(T)).

For the other extreme case, we consider a “fully informative” channel. Since, we have a
density assumption on the channel, consider instead an additive channel of the from y; = x4 + v,
where v; is a zero mean Gaussian with small variance. Note that, although we assume Y to be
compact, we can extend the analysis by focusing on high probability events on compact subsets.
For this case, finer quantization of the observation space will lead to greater improvements on
the performance as the Lipschitz constant of the density of the channel will be large. However, as
the channel is already informative, using a longer memory will not provide further information
on the hidden state x.

For the extreme cases, we observe that for “fully informative” channels it is better to increase
the discretization rate rather than increasing the window length. For “fully non-informative”
channels, however, one should increase the window length instead of increasing the discretization
rate. Even though, we observe this trend for the extreme cases, for general observation models,
one needs give a quantitative definition of an “informative” channel. [30, 52] study stochastic
observability for measurement channels for non-linear dynamics and establish the filter stability.
This notion can be used to further compare the effect of discretization and memory use for
“observable” channels. We should also note that increasing the size of the finite observation
set ]?[M from M to M + 1, will increase the size of the state space of the fully observed MDP
constructed by the algorithm in Subsection 6.1 by a factor of (%)N, and increasing the
window size from N to N + 1 will increase the state space size by a factor of M x |UJ.

Remark 6.10 We note that if the goal is only asymptotic convergence of the approx-
imation error, we can relax the geometric convergence conditions of the filter stability (and
only consider stochastic observability of the controlled kernels (see [30]) so that Ly — 0 as the
window length increases with no rate of convergence), U is compact (not necessarily finite)
and the density of the measurement kernels, denoted with f is only continuous in y, with no

Lipschitz regularity.

7 Q-Learning for the Approximate Models
7.1 Q-Learning Using Belief Discretization

We will first introduce a discretization based Q learning over the belief spaces. We first set
a finite number of quantization bins, {Z1,---,Zx} C P(X) such that U¥_, = P(X). We use
the map U : P(X) — {Z1,- -+, Zx} for quantization.

A natural way of choosing the quantization for the belief space is as follows: (i) Quantize
the hidden space X to a finite set, (ii) for the resulting simplex use further discretization over
the probability mass of the resulting bins (see [44]).
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Finally, we use the following Q learning algorithm over the finite set of quantization bins.
We denote the i to denote the quantization bin Z;:

Qus (i) = (1= a6, 0)Qi(i w) + (i, u) (O + fmin Qu(th(mrs1).v) ).

This algorithm can be shown to converge under suitable ergodicity conditions on the belief
process (see [53, Subsection 3.4]). Furthermore, the near optimality of the learned policies can
be guaranteed using the weak continuity of the belief kernel (see [34, Section 3.3]).

We emphasize, however, that this algorithm assumes that the controller has access to the
belief process {m;}. In other words, the controller can map the the history h: to the belief state

7, and this mapping can be challenging in general.

7.2 Q-Learning Using Finite Memory with Discrete Observations

In this section, we show that the proposed approximate model using the finite memory can
be learned using a Q learning algorithm.

Assume that we start keeping track of the last N + 1 observations and the last N control
action variables after at least NV + 1 time steps. That is, at time ¢, we keep track of the

information variables

{yt,yt—lv"' yYt—N, Ut —1, "+ 7u’t—N}7 if N > 07

N =
Yt, lfNZO

For every observation y;, we use the representative element from the finite ﬁA(M, using the
map Py (see (19)). With an abuse of notation, we use 1y (h") to denote the finite history
information with discrete observations.

For these new approximate states, we follow the usual Q learning algorithm such that for
any I € YNt x UY and v € U,

Qr+1(Vy (D), u) =1 — ar(Py (1), ) Qr (Vy (1), u)
+ (v (D), u) (Cr + Bmin Qe(vy (1), v)) (29)

where Iy = {Yii1,yt, -, Yt—N+1,Ut, -, Us— N1} which are the finite memory information
variables we observe following I and the control u. Cj denotes the cost we observe at time time
k after we apply u, hence, if the hidden state is x, we have Cf = c(xg, u).

To choose the control actions, we use polices that choose the control actions randomly and
independent of everything else such that at time ¢ u; = u;, w.p. o; for any u; € U with o; > 0
for all 4.

Assumption 7.1 1) ou(y(I),u) = 0 unless (¢Yy(ht), ur) = (¢Yy(I),uw). Furthermore,
1

ar(Yy (1), u) = : :
143 50 Luw () =ew (D) ux=u}

We note that, this means that ay(¢vy(I),u) = ¢ if ¥y (I) = ¥y (I),w, = u, if k is the
instant of the kth visit to (¢Yv (), u).
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2) Under every stationary {memoryless or finite memory exploration} policy, say ~, the
true state process, {X;}+, is positive Harris recurrent and in particular admits a unique

invariant measure 7r§ .

3) During the exploration phase, every (1y (), u) pair is visited infinitely often.
Theorem 7.2 Under Assumption 7.1,

i) The algorithm given in (29) converges almost surely to some Q* which are the optimal Q
values of an MDP constructed in Subsection 4.2 with the discrete channel 0.

ii) For any policy v that is constructed using Q* if we assume that the controller has access
to at least N 4+ 1 observations and N control action variables, when it starts acting, we have

B

JB(%O"YN) - JE(%O) < m

2cll 5=
lellscery Ly + 755 ;5 L.

Proof  The result is a direct implication of [21, Theorem 4.1]. In [21, Theorem 4.1], it is
shown that the Q learning using finite memory information variables for a POMDP with a finite
observation space, converges. The Q iterations constructed here then can be thought to learn
a POMDP model with the discrete channel O which has a finite observation space. Hence, (ii)
is a result of Theorem 6.2. |

The positive Harris recurrence condition can be relaxed; please see [53] and [54, Lemma 6].

8 Concluding Remarks and a Discussion

We studied two approximation algorithms for POMDPs with continuous state and obser-
vation spaces. The first method discretizes the hidden state space and genrates a belief MDP
defined over a simplex. The near optimality of this method relies on the regularity of the transi-
tion and the channel kernel of the POMDP. Furthermore, this method is tailored more towards
settings where the model is known. The second method is done by dicretizing the observation
space and using finite memory of discrete information variables. The near optimality of this
method relies on the controlled filter stability under the discretized observations. Furthermore,

we provided a Q learning algorithm for the constructed approximate finite models.
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Appendix
A.1 Proof of Lemma 3.2

Consider some = € A;, we then write

Wi (T(|x,u),'?(|x,u)) = sup /f(xl)T(dx1|x,u)—/f(xl)'?(dxﬂa:,u)

Ifllzip<1

/ Fla)T (d |z, 0) — / Fla) T (dz |2, w)mi(d)

= sup
Ifllzip<1

< sup /
IfllLip<1Jze€A;

mi(dz)

[ feT e - [ s T
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/ W1 (z,u), T(-|z,u)) mi(dz)

< Kr sup ||z — z|| < KrLx.
2€A;

The proof for the bound on the approximate channel follows from identical steps. |

A.2 Proof of Lemma 3.3

We start by defining the following functions for rotational convenience.

[e(Xe, v (Yio)) [Tt — 1k Ypo,e—1) »
(X, v(Yio,)) |-k Yio,4—k]] 5

Fy(zt—k,Yp0,0-1) = £
Fy(zi—k,Yp0,0-1) = £

in particular

Fo(7t,Y10,07) = c(@t, Yjo,0))s Fo(fftay[Ot]) (e, Yjo,4)-

Furthermore, we are interested in the difference |E[F;(zo,y0)] — E[ﬁt (o, y0)]]-
We first note the following due to iterated expectations

Fy(zt—k,Y[0,0—1))
E [e(Xe,7(Yio,0) @t~k Yjo,—)]
E [E [e(Xe,y(Yjo)) | Xt k415 Yio,e— k1)) |Te—k Yjo,4—1]]
E [Fe1(Xi—kg1, Yio,t— k1)) Tt —ks V[0, — k]

:/Fk—l(xt—k+1ay[07t7k+1])0(dyt—k+1|$t—k+l)T(d$t—k+1|xt—ka'Y(y[07t7k]))v (A1)

which can also be written for the functions Fj. Using this iterative form, we find an upper-

bound for the Lipschitz constant of Fi (2, yjo,+—)) With respect to ¢, uniformly over all

Ylo,t—k):

|Fk (@, y[O,t—k]) - Fk(x;—ka y[o,t—k])|
= /kal(xtkarlay[07t—k+1])0(dyt7k+1|$t7k+1)7-(d$t7k+1|$t7k7PY(y[O,t—k]))
_/kal(xtkarlay[O,t—k+1])O(dyt7k+1|xt7k+l)7-(d$t7k+1|$2_k7’Y(y[o,t—k]))

Krlei_ —x;_y)
Lip

< ‘/Fk—l(xt—k+1vy[0,tk+1])0(dyt—k+l|xt—k+1)
< (Kollelloo + 1 Fr-1llLip) K7lle—k — 24— |l

where we used Assumption 3.1 (b) for the first inequality. For the last step, we used the

following:
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‘/Fk1(xtk+1,y[0,t—k+1])0(dytk+1|xtk+1)/Fk1(%k+1,y[0,t—k+1])0(dytk+1|xik+1)

<‘/Fkl(xtk+1ay[0,t—k+1])0(dytk+1|xtk+1)

—/Fk—l(mt—k+lay[07t7k+1])0(dyt—k+1|m;—k+l)

+‘/Fk_1($t—k+1,y[o7tk+1])0(dyt—k+1|ﬂ?§_k+1)

- / Fi— (xw/t—k-i-l ) y[O,t—k+1])O(dyt7k+l |!E,/5_k+1)

< Fre-1llso|OC|@t—k41) — OC|2_ i) lov + [ Fr—tl Lipll@t—r1 — 24— ppr |

< (Kollelloo + 1 Fr-1llLip) |2t—kt1 — 24 _gy1ll-
One can then show that

1Fellzip < Kollelloo (K1 + -+ KF) + | Foll ip K7
= Kol (K7 + -+ + KF) + K K. (A.2)

The iterative form in (A.1) implies that
‘Fk(%—k, y[O,tfk]) - ﬁk(xt—ka y[o,t—k])‘
= /kal(xtkarlay[O,t—k—i—l])O(dytkarl|$t7k+1)7-(d$t7k+1|$t7ka’Y(y[o,t—k]))

_/F\k—l(xt—k+1vy[O,t7k+l])6(dyt—k+1|$t—k+1)/7\d(d$t—k+l|$t—ka’Y(y[O,tfk]))

< / Fr1 (@t k11, Y[0,4—k+1)) O(@Ys ka1 [Te 1) T (de g1 |20, Y (Y10,6—17))

_/kal(xtkarlay[O,t—k+1])O(dyt7k+1|$t7k+1)?(d$t7k+l|$t7ka’Y(y[o,t—k]))

+’/Fk1($tk+1,y[0,t—k+1])0(dytk+1|$tk+1)7A'(d$tk+1|xtk7’y(y[o,t—k]))

_/F\k—l(xt—k+1vy[O,t7k+l])6(dyt—k+1|$t—k+1)/7\d(d$t—k+l|$t—ka’Y(y[O,tfk]))

< H /Fk—1($t—k+1 ) y[07t7k+1])0(dyt—k+1 | —kt1) sup Wi (7 (+|z, u), ?(|I7 u))

Lip
+SUP‘/Fk—1($7y[O,tk+l])0(dyt—k+1|m) - /ﬁk—l(xvy[O,t7k+l])6(dyt—k+l|m)
<sup Wi (T (|2, ), T (|2, w)) (|Fk-1l|ip + Kollelloo) + llelloo sup [|OC|2) = O|a)l| v

+ | Fr—1 — ﬁk—l”oo
<KpLx|Fr-1llLip + KrKollcllsoLx + KollcllooLx + || Fre1 — Fr—1]lso;
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where we used Lemma 3.2. Using (A.2), we can find a further upper-bound as:

HFk — ﬁkH SKTLX (KoHCHOO (KT + -+ Kéf:l) + KcKéC:l) + KTKO”CHOOLX
+ KollcllooLx + [ Fie1 — Fr1llo
<KolcllooLx (K7 + -+ + K§) + K. K} Lx + Ko||c| oo KT Lx + Kol|e|lsoLx
1Pt — Fr1loo

k
=KollcllsLx Y (Kr)™ + Ke(K7)* Lx + | Fi-1 — Fi1]loo-

m=0

Denoting by Ay := Z;:o K7, we can then write:

k k
[P = B < KollelloZx Y An+ KeLx > (Kr)" + | Fy = Folloe

n=1 n=1

k k
< KollellsoLx Y An+ KeLx Y (K1)" + K Lx

n=1 n=1

k k
< KollellseLx Y An+ KcLx > (Kr)"

n=0 n=0
k n k
= KollelloLx Y > Ki' + KcLx Y Kj.
n=0m=0 n=0

The proof is completed.
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