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Linear Observer Learning by Temporal Difference

Stefano Menchetti, Mario Zanon and Alberto Bemporad

Abstract— This paper proposes a method for learning optimal
state estimators from input/output data for linear discrete-time
stochastic systems. We show that this problem can be expressed
in the reinforcement learning framework, suitably adapted to
the peculiar problem structure. In particular, we introduce the
specific Bellman equation for the state estimation problem and
use temporal differences to solve it. We show in simulations that
the resulting data-driven method for state estimation converges
to the optimal observer.

I. INTRODUCTION

State estimation consists in the problem of estimating and
predicting the internal states of a dynamical system based on
measured, possibly noisy, output and input data.

From a probabilistic point of view, state estimation meth-
ods aim to determine the state estimates from their probabil-
ity distribution obtained by the Bayes filter [1] using different
criteria. For linear dynamical systems with additive Gaussian
noise signals, the Kalman Filter (KF) algorithm is the best
possible state estimator considering both the Minimum Mean
Squared Error (MMSE) [2] and Maximum A Posteriori
(MAP) [3] performance indices. For nonlinear dynamical
systems, the Particle Filter (PF) [4], which approximates the
Bayes filter by using Monte Carlo sampling methods, and
the KF-derived algorithms, like the Extended Kalman Filter
(EKF) [5] and the Unscented Kalman Filter (UKF) [6], are
popular state estimators in practical applications.

The state estimation problem can also be described as the
solution of an optimization problem [7], [8]. In this case, if
the cost function is defined to include all past information,
the algorithm is called a Full Information Estimator (FIE) [9].
The FIE algorithm represents a performance benchmark for
the optimization-based estimators, but it becomes computa-
tionally intractable as the past information increases. Hence,
the Moving Horizon Estimator (MHE) [10], [11], [12] was
introduced, which approximates the FIE on a finite-horizon
information. Moreover, it is worth noting that both KF and
EKF can be formulated as optimization-based estimators [3],
[13].

In this paper, our objective is to introduce a data-
driven method based on ideas from Reinforcement Learning
(RL) [14] to solve the optimal state estimation problem. RL
is a set of techniques belonging to the machine learning field
that are used to solve the optimal control problem by data
sampling [15]. By the duality between the optimal control
and optimal estimation problems, RL was proposed as a
solution for the optimal state estimation problem in [16],
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[17]. The first approach proposes a Temporal Difference
(TD) method with eligibility trace to compute the state
estimates. However, it does not clearly detail how the value
function approximation is defined and learned. In particular,
the peculiarities of the observer learning problem are not
investigated nor exploited. The second approach considers
an actor-critic method to introduce a stable state estimator,
but it assumes that the state of the system is known exactly
during the training phase. In this paper, we assume that the
actual state of the system is unknown and we use RL to learn
from data a value-function based optimal observer. To that
end, we first investigate how a value function can be defined
for the optimal estimation problem. We show that this entails
some important differences with respect to the control case
and we propose an algorithm that can learn the optimal value
function. While we focus on the linear case for simplicity,
our contribution can be extended to a general setting.

The paper is organized as follows. Section II introduces the
state estimation problem and its formulation as a Dynamic
Programming (DP) problem. Section III describes how the
proposed RL-based observer is built and implemented. Fi-
nally, Sections IV and V show, respectively, numerical results
and concluding remarks.

II. PROBLEM STATEMENT
Consider the linear time-invariant (LTI) system

Ter1 = Axe + Bug + wy, (1a)

yr = Cxy + vy, (1b)

where ¢ € N denotes the current time, z; € R™», u; € R"«,
yr € R™, w, € R™, and v, € R™ denote, respectively,
the state, input, measured output, process and measure-
ment noise vectors at time ¢. Our objective is to solve
the state estimation problem, i.e., we want to estimate the
state x; at every time ¢. To do so, we assume to know
(yt, u¢) at every time ¢, as well as the model matrices
A e R*%*n= B ¢ R X" and C € R™*"=, Note that we
assume no input/output feedthrough for simplicity, although
the approach can be straightforwardly extended to cover this
case. In the following, we will denote vector time-series as
Tto:ty ~— (ZL’tO, N ,xtl).

Given the information (yo.¢, ug.+) available at time ¢ > 0
and the initial state estimate To € R™», we formulate the
problem of computing the optimal predicted #;;); € R"*
and corrected Iy, € R"= state estimates as the FIE problem

Tt = argxmin Ji1(Yo:t, voit, To, Xozt41),  (2)
0:t41

where %; 1|, and Iy, are the last two terms of the sequence
of optimal state estimates g.;41)¢, While xo.ry1 is the



sequence of decision variables with x; € R™= for every t.
The cost is

Ji+1(Yo:¢5 Uo:t, To, Xo:t+1)
t
= Z’Ytﬂf(yu i, Xit1, Xi) + 7 o (xo, Zo),
i=0
with given forgetting factor 0 < v < 1. The stage and initial
costs, respectively, ¢ and ¢, are defined as

e(yiauiaXH—l:Xi):HXi-H_AXi_Bui”QQ*l""_Hyi_CXi||%-?717
€o(Zo, x0) = lIxo — Zol13 1,
0

with positive definite weighting matrices Q1 € R"« X"z,
R™' € R™w*™ and Pyt € R Xne,

Remark 1: In this paper we assume v < 1 for simplic-
ity, although all our results can be extended to the case
v =1, with some slight adaptations that will be the sub-
ject of future publications. In particular, for v = 1, prob-
lem (2) is equivalent to the MAP problem of choosing
Z0:t+1 that maximizes the conditional probability distribution
p(X0:t+1|Y0:t, o:t, o) [1]. The solution of the MAP prob-
lem can be proved to yield the well-known KF [3] and the
matrices Py, Q, and R are the covariances of the Gaussian
initial state estimation error, the process noise and the output
noise, respectively.

A. Dynamic Programming

In order to introduce our RL-based state estimator, it
is necessary to formulate the state estimation problem (2)
within a DP framework. For this purpose, let the optimal
value function be

Vie1 (@ eg1)e Xe1) = Ixe+1 — i‘t+1\t\|?;;11 +et1, 4

with
Zosrp = AZyy + Bug + AKy(yy — Cayp_1),  (52)
Py = Q+ A(l,, — KtC)%AT, (5b)
Sy = R+C%CT7 (5¢)
K, = %OTS[l, (5d)
i1 = [y — Cit\t—l”ift—l + e, (5¢)

where I, is the identity matrix of dimension 7.
Lemma 1: Let @0‘,1 = T, cg = 0, and

Vo(Zoj-1, X0) = Lo(#o|-1, X0) + co-
For all t > 0, the optimal value function (4) satisfies
Vir1 (Zeq1)es Xev1) = I;Iin Je11(Yo:t, Uo:t, To, Xo:t41)- (6)
0:t

Moreover, (5a) yields the last state estimate from the solution
of (2).

Proof: We prove that (4) implies (6) by induction.
Assuming that (6) holds at time ¢, we first prove that (6)
also holds at time ¢ + 1. By using

Je+1(Y0:0, v0:t, To, X0:t41)

= vJt(Yo:t—1, Uo:t—1, T, Xo:t) + L(Yer Uty Xea15 Xt )5

and (6) at time ¢ + 1, we have
min C(ys, wes Xev15 Xe) + 76 (Yo:t -1, Uo:e—15 To, Xo:¢)
0:t
= H>1<in (s, ues Xev1s Xe) + YVl @ee—15x0), (D)
t

The minimization in the right hand side of (7) is solved
in [7] for the undiscounted case, i.e. for v = 1. With the
minor change of including the forgetting factor 0 < v < 1,
we find

Ir)l(in e, uty X1, Xt) + YV (@401, X2)
t
= lIxt+1 — i"t+1|t||?rl + Cty1,
t+1

with %y 14, Pry1, Kip1, cip1 given by (5). Together
with (7), this entails that

Virr (Beg1pe, Xe1) = I;lin Je41(Yo:t5 Uo:t, Tos Xo:t41)- (8)
0:t

Note that 41, minimizes V;y1(Z441)¢, X¢+1) and, conse-
quently, also (2).

We are left with proving that (6) holds at time ¢ = 0. This
is directly obtained by observing that the right hand side of
Equation (7) at time ¢t = 0 reads

Jl(yOa an'vaXO:l) = é(yO,UQ,Xl,XO) + ,Y‘/O(j:mfla XO)

by construction. Then, equation (8) in turn yields
Vi(Z1j0, x1) = rr;in J1(yo, uo, Zo, Xo:1),
0

which is (6) at time ¢ = 0. |

Equation (6) justifies the definition of V' as an optimal
value function. Moreover, it can be used to show that the
optimal value function is recursive, as it satisfies

Vt+1(it+1|t7Xt+1)
= H}(in CWe,we, X1, Xe) + YV (i1, Xe)-
t

This recursion yields the optimal Bellman equation for state
estimation and it formulates the Bellman optimality principle
for estimation, i.e., function V; summarizes all information
available up to time ¢, similarly to the cost-to-go in optimal
control, but in reverse time.

It is worth to notice that no expected value is involved in
equation (6), since we take a deterministic point of view, by
considering the actual realization of the stochastic variable y
at every time instant.

Remark 2: The optimal value function V;, or a suitable
approximation, is commonly known in the literature as
the arrival cost [7]. It is a fundamental concept for the
optimization-based techniques for state estimation. In par-
ticular, MHE [10], [12] deeply relies on this concept.



While we proved that the optimal value function V' is
time varying, we discuss next that, over an infinite horizon
and under additional assumptions, it becomes stationary in
expectation. In order to prove this fact, we introduce the
following common assumption.

Assumption 1: The variables wy, vy and zo are mutually
independent and normally distributed, i.e,

thN(O,Q)7 Q -0, Q:QTa

v; ~ N (0, R), R >0, R=RT,

Zo NN(fo,Pg), P0>-O, P():POT.
Moreover, w and v are white noise signals. ]

Lemma 2: Suppose that Assumption 1 holds, (4,C) is
observable and (A, G) is controllable, for some G such that
GG' = Q. Then

lim P, = P,, P, >~ 0, hm E
t—o00

yOt[ ]:C*,

where ¢, is the measurement error and Ej, ,[-] represents
the expected value with respect to the probability distribu-
tions of the measurement errors from O to ¢. Furthermore,
hmt_mo St = S* and hmt_mo Kt = K*.

Proof: We observe from definition (5b) that the quan-
tity P is computed through the discrete algebraic Riccati
recursion

—1
P = Q+A LAt - A te’ <R+C CT> C%AT

v

that converges to a stationary value P, > 0 as ¢t — oo,
under the previous assumptions made that (A, C'), and hence
(A/\/7,C/\/7), is observable, (A, G) is controllable, and
Q, R, Py > 0 (see [18] for the complete proof). The conver-
gence to P, implies from (5d) and (5c) that both K; and S;
converge to stationary values. Finally, for the sake of brevity,
the fact that the constant c;4; converges to c, in expectation,
is shown in Appendix I. [ ]

Corollary 3: Suppose that Assumption 1 holds, (A, C) is
observable and (A, G) controllable. Assume moreover that
Py = P,. Then the value function is stationary and satisfies
the Bellman equation

Vi(@og1)6 Xe41)

= H;(in C(yes uty Xev1, Xe) T VVa(@epe—1, X¢) — 6, (9)

where

Vi(@ype—1,xt) = | Teje—1 — Xt”?;:l + Cx, (10)

& = |y — C:i;t‘t_lanwﬁcT)_l + (v — e,
Y

such that Eg,[¢,] = 0.

Corollary 3 is of particular interest, since it enables the
construction of a stationary observer based on ideas from
RL. Furthermore, from the right hand side of equation (9)
the state estimates ;4 1); and ;; can be computed as

(Zog1ye> Tepe)

=arg min £(ys, ue, Xe1, Xe) T YVa(@eje—1, Xe),
Xt+1,Xt

without the need to solve problem (2). This implicitly defines
the stationary observer policy for the optimal predicted state
estimate

(1)

Consequently, in the next section we will exploit equation
(9) to learn policy U, indirectly, i.e., by learning an approx-
imation VW of V,, where W is a vector of parameters to
determine.

U (Y5 ut, Tejp—1) = Toga)e-

ITII. OBSERVER LEARNING

Corollary 3 proves that the stationary observer has a
corresponding value function that satisfies the Bellman equa-
tion (9). This makes it possible to use RL methods to directly
learn from data both the value function and the stationary
observer itself. However, as we will discuss later in this
section, RL algorithms cannot be directly applied to this
problem and some modifications are required.

In order to compute the optimal state estimates without
prior knowledge of the optimal value function, we intro-
duce a new algorithm that is inspired by the least-squares
temporal-difference (LSTD) algorithm [19] for solving the
optimal control problem. For this reason, we will denote our
method as Least-Squares Temporal-Difference Observer or
LSTDO.

A. LSTDO Learning Problem Formulation

LSTDO aims at learning the optimal value function V,,
which is equivalent to learning the optimal parameters
P71, ¢, that we lump in a parameter vector W,. Similarly
to least-squares methods in RL, by introducing the vector
of parameters I and the corresponding approximate value
function Viy, the LSTDO solves for a given batch of data
of length N the least-squares problem

Hlln Z(

=0

@) - U@ ) a2

which yields the optimality conditions

vavw & X (@) ) = @ 1)) =o,

13)
where Vy VW denotes the gradient vector of VW with
respect to the vector of parameters IW. Note that the least-
squares residuals in (12) correspond to the errors between
the (unknown) optimal value function and the approximate
one. Focusing on the optimality conditions (13), we observe
that, since the optimal value function V, is not available, it
must be replaced by an estimate. Typical choices in RL are
given by Monte-Carlo (MC) or Temporal-Difference (TD)
methods [14], but any technique can in principle be applied to
solve the observer-learning problem. In this paper, we choose
to focus on the simplest TD(0) method [20], where the TD(0)
approximation of V, is given by

0y, u® 5P X D)+ 4V (3D D). a4



Consequently, the single element z() of the batch has to be
such that

L0 — (y(i)’ u®, jgf)’ 2@ XS:)’ X(i))
= (yt(ihUt(i)>l%t(i>+1\t(i>7$AUt<i)|t(i)_1, Xt<'i)+17Xt<i>)-
(15)
where the superscript (¢) denotes sample 4, collected at time
(). Note that this notation allows us to use batches of

data which are not necessarily obtained from the sequence
D) — () 4 q,

B. Value Function Approximation

Since V, is given by (10), it is a natural choice to select
the approximation Vyy as

Viv (&, x) = |2 — x| + (16)

where the symmetric matrix H € R"**"= and the scalar
h € R are the parameters which, upon successful learning,
should yield H = P! and h = c,, and which we lump in
vector

Wy a,

where Wy € R"%=("=+1)/2 is the vectorization of the sym-
metric matrix . The approximation (16) is quadratic with
respect to the estimation error & — x and linear with respect
to the parameter vector . In the following, we will write
Viv in the equivalent form

VW(j:)X) = WT¢(j:7X)7

with ¢ : R% x R — R (=+1)/2+1 3 gyitably defined

quadratic function, which we split for convenience of no-
tation as follows:

R . T

$(&,2) = [¢(@,x) 1],

such that
Wi én(#, x) = 12 — x||%-

Note that, by defining Viy as linear with respect to the
parameters, the TD(0) approximation in (14), yields the
optimality condition (13) to compute the optimal vector of
parameters W in a single iterate for a given batch.

C. Data Generation: Introducing Exploration

To discuss the algorithm for observer learning, we stress
that the observer-learning problem has one particular speci-
ficity that distinguishes it from the standard RL problem, i.e.,
learning a control policy. While in the control problem the
value function depends only on the state given by the system
dynamics, for the observer problem the optimal value func-
tion depends not only on the optimal predicted state estimate
& given by U, (y, u, ), but also on the decision variable x
that is in principle not determined. The specificity outlined
above is particularly relevant during the learning phase. As a
matter of fact, unlike standard RL, in which it is sufficient to
explore by applying off-policy actions, in observer learning
one has not only to apply exploration to x4, by selecting
it off-policy, i.e., as x4+ # Ui(y,u,E), but also to define

a coherent value of x, such that the Bellman equation (9)
holds. This can be understood by observing the TD-error

6(1‘/»U7§3+»5@>X+>X)
= é(yvua X7X+) + ryVW(j"aX) - VW(£+7X+)7

where the definition of § entails that, whenever we explore, it
is not sufficient to select the future decision variable x ., but
we also need to select the current one . In particular, since
our observer is based on optimizing the value function, x
needs to be consistent with x, i.e., x must also be optimal
in the sense that it should minimize the cost, given x. We
formalize this concept in the optimization problem

a7)

EW(:% u, &, X+) = arg m;nf(y, Uy X+ X) + ’YVW(QA’J, X)a
(18)
where Ly (y,u, 2, 4 ) is a smoothing policy which we will
use to define our algorithm. Note that Ly is also used to
introduce the observer policy Uy obtained as

Z/lw(y,u@) = arg I;ll:l g(y,U,X+,X) + ’va(i'7X) (1921)

s.t. x= ['W(yvua j»XJr)' (19b)

It is worth noticing that, upon successful learning, Uy and
Lyw converge to the optimal policies U, and L, where U,
is the optimal stationary observer policy in (11) and £, is
such that

Tt = Ly (ye, ue, Tt|t—1, $t+1|t)7

i.e., it is the smoothing policy that allows one to compute
the corrected state estimate Zy;, if the optimal stationary
observer policy in (11) is applied.

Finally, we can turn to the definition of a proce-
dure to generate the batch of data. Observing that at
time t(*) the quantities (y®,u( (") are known, we
need to generate the remaining elements of 21 defined
in (15), i.e., (cﬁfﬁ),xfﬁ),x(i)). Using the current observer
policy Uy, we can immediately compute the state esti-
mate ﬁ:gi) = Uy (yD,u®, ). Afterwards, the predicted

decision variable Xi)

is chosen in a neighbourhood of
:%(j): though alternatives are possible, we adopt the e-greedy

strategy for the sake of simplicity, which yields

XY =20 + @, 20)

where £ ~ N(0, E) is a given random vector, with zero mean
and = > 0 € R"*"=_ Finally, a consistent current decision
variable x(") is obtained as y(*) = ﬁw(y(i),u(i),i(i)7xﬁ)).

D. LSTDO Algorithm

Denoting as N, the number of batches, Algorithm 1
provides the pseudocode for LSTDO.

IV. NUMERICAL RESULTS

We consider the linear discrete-time dynamical system
associated with the three-dimensional Euclidean space de-
scribed by the axes (i, 7, (), with state

T
o= [pe v meovf G

)



Algorithm 1: LSTDO Method
Given Y, N, Nb, UQ:N» E;
Initialize W, Zo_1 = To;
for j=1,2,..., N do
Simulate the real system to have yo.n;
Generate 2(ON+1) using Uyy;
Explore as in (20) to define VY,
p X+
for t' € {0,1,2,...,N} do
Define () = Lw(y(i%u(i)’@(ihxﬁ));
Compute 5@ as in (17); o
Compute Vi Vir (2, x ) = 62, x{);
Store 6, VWVW(iS: ,ng )
end
Solve (13) to update W;
Compute Ly, Uy as in (18) and (19)

end
batch O  batch 15  batch 30  batch 49
ne(e = 10%) 0 90 93 100
ne(e = 10%) 0 93 97 100

TABLE I: Number of simulations at convergence

where v}’ and v} are the velocities with respect to the axes

1 and 7. The state-space representation of the dynamical
system as in (1) is given by

1 ¢t 0 0 0
01 0 0 0 10000
A=1]0 0 1 ¢ 0|, c=1l0o 0 1 0 of,
00 0 1 0 0000 1

00 0 0 1

where t; = 0.1 is the sampling time. We consider an au-
tonomous system, since the presence of a known input does
not affect the learning algorithm, hence we assume B = 0.
This dynamical system describes the discretization of the
motion of an aircraft with constant velocity coordinates on
a plane described by the coordinates (p,7) at a constant
altitude (. The measured output are given by the exact
position of the aircraft. The process and the measurement
noises are Gaussian white signals with covariance matrices
Q@ and R such that

o2 2K 0 0
K:[% 2],@: 0 o2K 0
0

; , R=101,,
] 0 O'gts

2 S
where o, = 0, =0, =5. To apply the LSTDO method
we assume N = 100, N, =50, v=0.9. We initialize
100 different simulations with initial H and h such that
H ~ N(0,100L,,) and h ~ N(0,100). The tuning of
LSTDO is done by choosing the amount of exploration, i.e.,
the parameter ¢ such that £() in (20) is sampled accord-
ing to N(0,e I,,,). In our simulation, we use the values
e =10% and ¢ = 10* to tune the LSTDO. In Figure 1 we
display for every batch the average value over the different

104 4
=
1. 101 4
I
L 1072
0 10 20 30 40 50
#batch
(a) Frobenius norm of the error between H and P, 1
— 10° 1
L8]
|
< 1024
#patch
(b) Absolute error between h and cx
. -1
1011 H i 04
i . 10-2 1\(/
= 106 A ? 1073 ‘ :
lol -
T . . T . :
0 10 20 30 40 50
#batch

(c) Absolute value of &

Fig. 1: Linear case: blue line for ¢ = 103 and green line for
e =104

simulations of the Frobenius norm of error H — P!, the
absolute value of the error h — ¢, and the absolute value
of § on a logarithmic scale. Table I shows, instead, the
number of converged simulations n, at specific batches. Both
Figure 1 and Table I suggest that our method can be used
successfully to learn the parameters of the stationary optimal
value function V,. Moreover, the LSTDO method shows fast
convergence, since most of the simulations converge in few
iterations. Finally, we observe that the amount of exploration
affects considerably the performance of the LSTDO and, in
particular, that the choice of a larger value for ¢ is related
to quicker convergence and smaller errors on the estimated
parameters.

V. CONCLUSIONS

In this paper, we discussed how learning techniques can
be also applied to learn optimal observers for linear systems
from data. We have highlighted an important difference with
learning applied to control, such that we had to introduce
some modifications to common RL algorithms. We have
demonstrated in simulations that the optimal observer is
correctly learned by our algorithm.

Future work will consider extending our framework to
cover nonlinear systems and to adapt a wider class of RL
algorithms to observer learning.
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Athena

APPENDIX I
CONVERGENCE OF ¢;41

In order to prove that ¢, converges to ¢, in expectation,
we initially define the estimation error Z; := xy — %4, and
the measurement error ; := y; — C%;,_; at time ¢. Exploit-
ing the dynamical system (1) and the evolution in time of
the optimal predicted state estimates (5a), we compute their
dynamics

i‘t+1 = A(an - KtC).f?t + w — AKtUt,
gt = C.ft + V.

(21a)
(21b)

We observe that from Assumption 1 defining Zg|—y = o the
estimation error I is distributed according to N (0, ]50), with
Py=P,. Consequently, it is possible to recursively prove
that at every time instant ¢ both z; and g, are normally
distributed, i.e.,

Frp1 ~ N(ma i1, Prg1)y G~ N(mge, St),

since both of them can be described as the sum of nor-
mally distributed independent random variables exploiting
equations (21a) and (21b) and Assumption 1. Moreover, we
compute

mzt4+1 = E:Eg+1 [‘it'i‘l]
= A(Hn,_ - KtC)Eit [jt] + ]Ewt [wt] - AKtEvt [’Ut]
=0
Pt-l-l = Variwrl ['ft-‘rl]
=Q+ AK,RK, AT
+ A(ll,, — K:C)P,(1,, — K,C)TAT,
and
Mgt = Eﬂt [gt] = CEit ['ft] + Evt [Ut] =0,
S; = Vary,[§:] = R+ CP,C".
Knowing from the first part of Lemma 2 that as t — oo we

have P,y = P,, K; = K, S; = S, the discrete Lyapunov
equation

A, - K,C)P(1,, — K,0)TAT — P
+(Q+AK,RKJAT) =0

admits a unique positive definite solution P, = 0, such
that limy_, . P; = P,, since Q+AK,RK,] AT =0 and
A(l,, — K,.C) is asymptotically stable (see [18]). In turn,
this implies that S, = R+ CP,CT > 0.

Finally, we initialize co = 0 and exploit (5¢) and the
definition of y to compute ¢y as

t
Cit1 = 27t71||?7i||2 -1
i=0 ’

The following relations

t
) 1
: t—1 __
tlggo ; Tz ¥
and, for z ~ N (m, X),
E.[z" Az] = tr(AS) +m" Am,

hold and we use them to prove that ¢, 1 converge to a costant
value in expectation, since at stationarity we observe that

¢
Jm Egy e ] = thﬁr&;ﬁytﬁEﬂi [HngZ_l}

t

= Jim 3o (571)

=0
= tr (S:lg*)
where fr is the trace operator. We conclude our proof by
defining
Cy = tr (S:1§*> .
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