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ON NEAR-OPTIMAL TIME SAMPLING FOR INITIAL DATA
BEST APPROXIMATION

ROZA ACESKA - ALESSANDRO ARSIE - RAMESH KARKI

Leveraging on the work of DeVore and Zuazua (see [7]), we further
explore their methodology and deal with two open questions presented in
their paper. We show that for a class of linear evolutionary PDEs of order
2N the admissible choice of the parameter p which is used to construct
the near-optimal sampling sequence is not influenced by the spectrum
of the operator controlling the spatial part of the PDE, but only by its
order. Furthermore, we show that it is possible to extend their algorithm
to a simple version of a non-autonomous heat equation in which the heat
diffusivity coefficient depends explicitly on time.

1. Introduction

The determination or the best possible approximation of the initial state of a
dynamical system through observation of its states at subsequent times is a gen-
eral and very important problem for a variety of applications. In [7], the authors
proposed an ingenious procedure to approximate in a near-optimal way and via
finitely many time samplings at a fixed location the initial state of a particularly
simple infinite dimensional dynamical system, described by the heat equation
on a compact interval with Dirichlet boundary conditions.

Submission received : 9 January 2019

AMS 2010 Subject Classification: 35K20, 65M32
Keywords: later-time sampling, Fourier sine series representation, approximation to initial data,
spectrum, manifold width, non-autonomous equation



174 ROZA ACESKA - ALESSANDRO ARSIE - RAMESH KARKI

We study an initial value problem for two generalized classes of PDEs, in-
volving fairly unknown initial conditions; each of these classes contain the heat
equation as an example. It is known that under appropriate assumptions ([7]),
one can compensate for the lack of knowledge of the initial condition by adding
scarce measurements made at later time instances. This problem of compensa-
tion via a time-space trade-off between the initial measurements and the later
time measurements has been recently observed in applications of sampling the-
ory, and referred to as the dynamical sampling problem (see for instance [1],

(31, [2D.

We generalize the method developed in [7] and deal with an inverse problem
(initial data best reconstruction) via later time measurements. The contributions
of our work are significant in applications, where full knowledge of the initial
conditions is unrealistic to expect. We study the correlation between the number
of measurements that are needed to recover the initial profile to a prescribed ac-
curacy, give precise estimates for the time instances when these measurements
need to occur, and provide an optimal reconstruction algorithm under the as-
sumption that the initial profile is in a Sobolev class. Let us underline that the
inverse problem for the PDEs we are dealing with is in general ill-posed (see
for instance [4], [5]), however, our goal here is simply to find a best approxima-
tion of the initial data in L*([0, z]) using finitely many time samplings at a fixed
location.

In [7], the authors pointed out some open questions, some of which are dealt
with in this paper.

The first question concerns the relationship between the spectrum of a cer-
tain operator and the choice of the parameter p that determines the geometric
sequence of near-optimal sampling times. In particular, the authors of [7] in-
quired about the dependence of p on the spectrum of a certain operator. In
Section 2, we study a generalization of the heat equation, essentially a constant
coefficients evolutionary PDE of spatial order 2NV with Dirichlet boundary con-
ditions. In order to make our results more easily comparable with [7], we will
make the strong assumption that the initial datum f lives in a suitable subspace
S of the Sobolev space H( ([0, ]) for r > 0. For our model, we will see that any
p > 2NIn(2) (2N is the spatial order of the PDE) will generate a near-optimal
geometric sampling times sequence. In particular, this does not depend on the
cofficients of the equation (as long as they satisfy a suitable sign requirement
for well-posedness). So in this sense the dependence of p on the spectrum is
very weak. (In our case, the relevant spectrum is given by {A (k) }ren, where
A(k) = Y (=1 onk*, where oy are the constants appearing in the spatial
part of the PDE.) Let us remark that in this Section the extension of the results
of [7], although elementary, is not completely straightforward. In [7], it was
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also mentioned that the method developed there does not extend immediately
to non-autonomous evolutionary PDEs. Here in subsection 2.3 we deal with
a non-autonomous extension of the heat equation on a compact interval with
Dirichlet boundary conditions. Essentially we consider a heat equation with
a continuously time varying heat diffusivity coefficient (always assumed to be
positive for physical reason). This model is more physically relevant than the
one studied in Section 2, and for this we show that the algorithm devised in [7]
carries over with minimal modifications. In the final Section 3, we discuss some
further directions that we think would be very worthwhile to explore.

2. The case of a linear evolutionary PDE of order 2N

In this Section, we extend the main results of [7] to the case of a linear constant
coefficient PDE of order 2N, where in [7] the authors restricted their analysis
to the heat equation on a compact interval with Dirichlet boundary conditions.
Among the open questions posed in [7], it was mentioned the fact that the op-
timal selection of the sampling times is extremely sensitive to the distribution
of the eigenvalues of the operator that essentially controls the spatial part of
the PDE. In this Section we show that the optimal selection of sampling times
is essentially controlled only by order of the highest spatial derivative, at least
for the class of PDEs we consider (see Theorem 2.5). So in this sense, the
dependence on the spectrum is very weak in this case. To make the results
directly comparable with what was obtained in [7], we make the strong assump-
tion that the initial datum f lives in the subspace S C Hj([0,7]) C L2([0,x]),
r > 0 consisting of functions that admit a Fourier series representation of the
form f(x) = Y, fisin(kx), where Y| k* f2 < +oo. Later on, we will further
assume that f € F,, the unit ball in S, defined by

Fr={fes: Y <1}
k=1
We deal with the initial value/boundary value problem

o) 0<x<m >0, u(0,1)=u(m)=0, u(x,0)=7f(x),

N
Uy =

=1
2.1)

where f € Sand oy, = 1,2,...,N are constants. Call A : N — R, the function
defined via

(—1) ayk?. (2.2)

M=

A(k) =

=1
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Observe that {A (k) }ren is just the spectrum of the ordinary differential operator

21
(with respect to the x-variable) L = va:l 0y (%) defined on S.

For the problem (2.1) to be well-posed it is sufficient that for each k € N,
A (k) < 0. This is because the solution to the problem (2.1) is given in this case
by

fre W sin(kx), (2.3)

gk

u(x,t) =

k

1

where f; are Fourier sine coefficients of f(x). However, in order to extend the
main results of [7], we will assume the following:

A1) <0, Ak+1) <A(K)VKEN, and lim A(K) =~ (24)

—> oo

In order for (2.4) to hold, we further assume that
oy > 0if [is odd, and ap; < 0 if [ is even. (2.5)

We can immediately see how (2.5) implies (2.4).

Proposition 2.1. A sufficient condition for (2.4) to be fulfilled is that the coef-
ficients oy, satisfy the constraints in (2.5).

Proof. If the conditions in (2.5) are met, then A (k) is a polynomial in k with
negative coefficients, so A(k) < O for each k € N and limy_; ;o A (k) = —oo.
Furthermore, for each / € {1,...,N} we have oy (—1)! (k+1)% < oy (—1)'k*.
Summing over /, one gets A (k+ 1) < A (k). O

2.1. Consistency of approximation and lower bounds on optimal
performance

Asin [7], we sample at a point xy which is an algebraic number of second order,
in particular we require

| sin(kxg)| > dok ™!, (2.6)

for some dy > 0 and for all positive integers k.
Our first result is the following:

Theorem 2.2. Sampling u(x,?) at the fixed point xy satisfying (2.6) and at an
increasing sequence of times 0 <t <t < --- <t, < ... allows one to recon-
struct uniquely the Fourier sine coefficients fi, and consequently f (x) (in L?)
and u(x,1).
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Proof. Introduce the following function of complex variable
Fo(z) =), az M,
k=1

where ¢ := fi sin(kxp). It follows immediately that the sequence {cy }ren is
in /2. Furthermore, by the current assumptions on 4, Fy(z) is holomorphic in
D := {z € C||z] < 1}, but in general it is multi-valued there due to the fact that
A (k) is not always an integer. We represent 7 **) as exp(—A (k)log(z)), choose
as branch cut (—e,0] and choose as determination of the complex logarithm
log(z) the one that agrees with the real logarithm for z € R™. In this way Fy(z)
becomes a single valued holomorphic function in the simply connected domain
U :=D\ (—1,0]. Finally observe that for each t > 0, we have that Fy(e™’) =
u(xo,t). Therefore, the sampling u(xo,?;) =: u; means receiving Fy(z;), where
zj = e”'i. The sequence {z;}jen has a limit z*. If z* is in U (which means
that 1; — t* < o), then we can invoke the identity principle: a holomorphic
function is uniquely determined by a sequence having an accumulation point
in its domain of holomorphy, therefore from F(z;) we can uniquely reconstruct

cx» and hence fj = Sinf]ﬁm) as sin(kxo) # O for all k. So the sequence {u;} jen

uniquely determines f € L? and consequently the solution u(x, ). If on the other
hand z* = 0 (which corresponds to the case t; — +o0), we can not invoke the
identity principle directly because the limit point is not in the interior of U.
However we can proceed as follows. Consider the a sequence of real z; € U
converging to 0 € JU. Suppose Fy(z;) = 0 and clearly F;(0) = 0, since ¢o = 0.
Then we want to show that Fj is identically zero, namely ¢, = O for all k. This
would imply the necessary identity principle in our case. Write Fy(z) as

Folz) = 240 i e MO
=1

and call g1(z) 1= Y cxz 204 Since Fy(z;) = 0 for all z;, then we have

gi(z;) = 0 for all z;. Since g; is continuous from the right of O on the real
axis, then g1(0) = limj_ . gi(zj) = 0. But this means ¢; = 0. Therefore
Fo(z) = Xy pcrz M. Rewrite Fy(z) = 2722 Y5, cxz?®) and call g2(z) ==
Yo cxz MK By the same reasoning used above one gets £2(0) = 0 and hence
¢2 = 0. Proceeding in this way, we see that ¢, = 0 for all , that is Fy(z) = 0.
This says that the identity principle can be applied also to this case, even though
0 is not in U. Therefore, if we sample infinitely many times, the initial datum
can be reconstructed uniquely in L2. Once the initial datum is reconstructed,
then u(x,7) is determined via (2.3). O

At this point, our goal is to determine a near-optimal approximation for the
initial data f using only finitely many but sufficiently large number of time sam-
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plings. First we extend Theorem 3.1 from [7] to determine optimality bounds.
To describe bounds on optimal performance we recall few notions from the the-
ory of manifold widths (see [6]). Let F, be a fixed closed ball contained in
S C Hj([0,x]) € L*([0,x]). This ball is defined by the condition

Fr={fes: isz\fkyzg 1}. (2.7)
k=1

Given f € F,, we consider the problem of recovering f in the L? norm and
show how to modify the algorithm of [7] to obtain a reconstruction of f which is
optimal in terms of rate distortion (error vs. number of measurements). We will
need continuous mappings, an encoder a : F, — R" and a decoder M : R" — L2,
to approximate a given f € F, as M(a(f)). An encoder a coupled with a decoder
M is called a measurement algorithm. The performance of this measurement
algorithm on F,, denoted by Sn(]:,,Lz), is defined as

8u(Fy,L?) = sup || f —M(a(f))] 2.
JeF,

Since the set of all M(y), y € R" is an n-dimensional manifold, the mani-
fold width 9§, is then defined as the best performance one can obtain with this
scheme:

8.(Fy %) = inf sup || —M(a(f)) .2,
aM feF,

where the infimum is taken over all continuous mappings a and M of the above
form for a fixed n. For F, it is known that (see [6])

Su(Fr L*) > con™". (2.8)
We have the following extension of Theorem 3.1 of [7]:

Theorem 2.3. For any measurement algorithm (fixed or adaptive) with a con-
tinuous decoder M we have

80 (Fp L) > 8,y(Fr L?) > con™".

Proof. In order to show that this bound applies also to this problem, first of all
we observe that any measuring algorithm can be described by such mappings
a and M. For a we take a(f) = (xo3t1,...,tp;u1...,u,), where u; is the jh
sample u(xo,?;), so a maps F, to R2**1 (and this covers both fixed times and
adaptive times as long as the adaptive choice of times is continuous with respect
to the choice of f). The first inequality in the statement of the Theorem is then
obvious, while the second inequality is in [6], for F, as above, provided that the
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relevant map a is continuous. So the only thing to be checked is the fact that
the encoding map a : F, C L? — R*"*! sending f to (X031, ..., tn3U1,. .., Uy) iS
continuous. Since xo,?1,...,t, do not depend on the choice of f € F,, the only
claim that needs to be proved is that each u; depends continuously on f. Let f
and g be two functions in F, and let f; and g; be their respective Fourier sine
coefficients. Then

T . o»
le=fllz: = 5 X 18— fil 29)
k=1

Call uf and u/ the corresponding solutions to (2.1) having initial data as g and
f respectively. Then

I/l*l/l

Z 8k — fr) sin(kxo e

i 8 — file*Ms <

= 2
< B 1= e < 2 g e O el

where we have used the Cauchy-Schwarz inequality, (2.9) and the properties of
A (k). Therefore we get M; - uf | <Cil||g — f]|z2 for a constant C; that depends
only on the first time measurement #; which is always arbitrary (but greater than
Zero). O

Remark 2.4. Although the authors of [7] seem to indicate otherwise, some
aspects of their method does apply also to non-autonomous linear PDEs. For
instance, consider the problem:

up=a(t)ug, t >0,0<x<m, u(t,0)=u(t,m)=0, u(to,x)=f(x).

If a(t) and the initial time 7y are known and if ftf) a(s) ds is monotonic strictly
increasing in ¢ (which is reasonable since if one is dealing with heat propagation
then a(t) > m > 0 for some m > 0), then an adaptation of the methods developed
in [7] applies. This is because for ¢ > #y one has:

fkesz iy ats) ds sin(kx).

u(t,x) =

™

We will say more about this in Section 2.3, where we adapt the case we analyzed
in this section to this non-autonomous case.
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2.2. Time selection for near-optimal recovery

Here we determine a sequence of times 0 <1 <1 <--- <t; < ... such that for
sufficiently large n, choosing the first n terms of this sequence, we can recover
f at the optimal rate n™".

The basic idea is to use time samples u; = u(xo,;), j=1,2,...,n to create
an approximation fk to the Fourier coefficients f; for k = 1,...,n and then to
construct the function f:=Y}_, fk sin(kx). The L*-error of approximation to
the true initial datum f is given by

2 7 Sl 2 —2r r| g ol z —2r
= Al < Ylh= Al +n72 Y KA < Y = Al 4077 2.10)

T k=1 k>nt k=1
as f € Fr. We need to find a sequence of times in order to approximate fi
sufficiently well so that the expression on the right side of (2.10) is bounded by
Cn~%". In order to do this, let us introduce the function

F(t)=Y ™ 1>0
=1

where ¢; := fisin(kxo). Notice that F(t;) = u(xo,t;), j = 1,2,.... First we
analyze how to approximate the coefficients c; of F(t) from the values F(z;),
j=1,...,n

Let0 <t <t <---<t, <...be an increasing sequence of times. Starting
from F(¢;), we want to derive sufficient conditions on this time sequence so that
we can recover the coefficients cg, k = 1,...,n with high accuracy.

Following [7], we use the sample u(xo,?,) to compute an approximation ¢
of ¢; and then use the sample u(x,?,—x,1) to compute an approximation ¢; of
ck. For each k, we obtain ¢, by multiplying F (¢,_x+1) by exp(—A (k)t,—x+1) and
subtracting the remaining terms, that is,

cr=e }'(k) n— k+1F l» k+l ZC] tn k+1 Z Cjef(l(k)fl(j))tnfwrl.
J>k+1
(2.11)

Now we define ¢; := ¢ F(t,) and then recursively define
co=e MRk P ) Z cjel ket k=2 ... n (2.12)

Then, foreach k =1,2,...,n, ¢, — C; is given by

k—1
Cr—Cr = Z (¢j— cj)e(/l(j)*/l(k))fnfkﬂ _ Z cje*(l(k)*/l(J'))fnka_ (2.13)
=1 jok+1
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We denote with E; := |c; — ¢}|, the error with which we recover ¢; for j <n. We
will first concentrate on deriving a suitable bound for E; in several subsequent
lemmas, which we will use to prove the main result of this paper.

Since f € Fy, j¥|c;[* < j7IiIF < T kAP < 1 so that [oj* < j
Thus we have from (2.13) that

El S Z jfref(l(l)*l(j))ln S 2*7‘6761% Z 67(1(2)7/10))11 SAO(I])eiéltn, (214)

j>2 j>2

where 8; := A (1) —A(2) > 0 and Ap(#;) is a constant that depends on the initial
sampling time #; and on the spectrum of the differential operator. Again we use
the formula (2.13) and obtain for k > 2 that

k=1
E. < ZEjer)*“k))t”*kH + Y jrem AR=AU et = 3 (k) + 2 (k)
j=1 k41
(2.15)
We first bound X, (k). We have
To(k) < (k+1) e Wk § o om (DAL, (2.16)

J>k+1
where & := A (k) — A(k+ 1). Moreover, we have the following

Lemma 2.1. With the standing assumptions on the coefficients of the PDE we
have

Y e DTG < Y o m (AU = Ay (1), k=2,3,....
Jj>k+1 j>2

Proof. The claim follows if we can show that

ie—(x(k+1)_z(j+k+1)tl < ie—(l(z)—k(j—&-z))tl’ k=23,
j=0 j=0
which holds provided
Ak+1)—A(j+k+1)>A2)—A(j+2), j=0,1,...,k=23, ...,
or equivalently we have for j =0,1,..., k=2,3,...

Z Yoo ((k+ 1) = (j+k+1)%) > Z Do (2% - (j+2)%).

Since (—1) oy =: By < Oforall I = 1,...,N, the last inequality holds provided

Bilk+1)* = (j+k+1)*) > B(2* = (j+2)%), [=1,...,N, k=23,...,
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j=0,1,..., which is true if we have

(k+ D2 —(+k+D2 <22 —(j+2)%, I=1,...,N,k=23,..., j=1,2,...

(2.17)
But then (2.17) follows from the fact that the functions fi;(x) := (k+ 1) —
(x+k+ 1) =224 (x+2)% 1 =1,2,...,N, k=2,3,... satisfy f;(0) =0,
and f{ (x) =21 ((x+2)*"" = (x+k+1)*71) <O forall x > 0. O

Using Lemma 2.1, we have
Lo (k) < (k4 1)"Te™ ¥k Ag(1y). (2.18)
Lemma 2.2. Leta,b such that 1 <a <b. Thenb' —a' > b/ —al forall 1 > j > 1.

Proof. Clearly 1 — (%)l >1-— (%)j and a fortiori

() e ()]

and multiplying both sides by &/, we obtain the claim. 0

Lemma 2.3. Let [,m be positive integers withl > m+1>m > 1 and let k, j be
positive integers with k —1 > j > 1. Then the following inequality holds:

(k+1)'=j" _ (k+1)"— )"
G+D =j = G+ =j"
Proof. The both ratios in (2.19) are positive as they are the ratios of positive real

numbers. Therefore, to prove (2.19) under the constraints given in the statement
of the lemma, it suffices to prove that

> 0. (2.19)

(kD' =j _ G+D =

(k+1)m—jm = (j+1)m—jm
To prove this inequality, it suffices to show that the function g; ,(x) := %
forx>j+1landl>m+1>m > 1 is increasing. Notice that the sign of the
derivative of g; , is the same as the sign of the expression

merl*l (l _ m) —l—xmflmjl _xlflljm
which is positive if the following expression obtained from it by dividing by

() ()]

X"l —m)+x"
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N\ M N !
is positive. This is true provided [ —m > [ (%) —m (i) . To this aim, introduce
the function
pim(y) = [—m+my —Iy", 0<y<]l.
Now p;u(0) =1—m >0 and p;,,(1) = 0. Also, p}, (j/x) =ml((j/x)""" —
(j/x)" ') < 0since Il >m+1>m>1and x > j. Therefore, the function
N\ m N !

Pim(y) is positive in (0,1) and thus [ —m > l()lc) —m (ﬁ) forx > j+ 1.
Consequently the sign of the derivative of g; , is positive for x > j+ 1 and we
are done. O

Lemma 2.4. The function

( ) 1 | <(X+1)2N—y2N>
X, = n )
A N e el

where N is a positive integer, is positive and bounded by 2N 1n(2) in the domain
D:={(x,y)eR?:2<x,1<y<x—1}.

Proof. Observe that g is positive in the domain D. Before proving that g is
bounded by 2N1n(2) in D, we claim that for each fixed y > 1, g(x,y) is a
bounded function of x and for x > y+ 1, it attains its maximum A(y) in D
at x =y -+ 1. To prove this claim, fix y > 1 and write g(x,y) as Zig)), where

gy(x) =x—yand p,(x) =In (%) . Then g(x,y) is strictly decreasing in

x for x > y+ 1 and for each y fixed provided g, py > pyqy, that is,

1n<(x—|—1)2N—y2N> - 2N(x —y)(x+1)2V-!
(y+ 1)V _y2N (x - 1)2N 2N

To prove this inequality, call A;(x) the left hand side of (2.20) and A, (x) the
right hand side of (2.20). Observe that for x =y > 1 we have 4;(y) = A2(y).
Therefore to prove (2.20) it is sufficient to prove that for x > y > 1 one has
A{(x) > 23(x). Multiply both sides of A{(x) > A}(x) by ((x+ 1)V —y?M)2 /2N
to obtain

(2.20)

D+ DN =y > [+ D2V 4+ 2N = 1) (x—y) (x+ 1)V 2]
((x+ 1?2 —y™) —2N(x — y) (x4 1)*V 2.

Adding 2N (x —y) (x+ 1) =2 — (x + 1)2V "1 ((x 4+ 1)?¥ — y?V) on the both sides,
the last inequality is equivalent to

2N(x—y)(x+ 1)41\’*2 > (2N — 1)(x—y)(x+1)2N72((x+1)2N—y2N).
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Dividing the both sides by (x —y)(x +1)?V=2 and then adding (2N — 1)(x +

1)2V —y2V on the both sides, the last inequality is equivalent to

(x+1)N £ (2N - 1)y >0,

which is obviously true for x >y > 1. This shows that (2.20) holds forx >y > 1,
from which it follows that for each fixed y > 1, g(x,y) is strictly decreasing in x
for x > y+ 1 and thus has its maximum value

2 2N _ 2N
=i ()

Next we claim that 4 is a bounded function of y for y > 1. As we notice
that h(y) is positive for y > 1, in order to prove this claim it is enough to show
that the argument of the logarithmic function is bounded. Since 2% < 2% for all
k=1,2,...,2N, for each y > 1 we have

IN (2N ON—knk  A2NY2N (2NY.2N—k
(y+2)2 =y N )R < 2Ny )y 2N

O D2 =y G = () |

and therefore h(y) < In(2?V) = 2NIn(2).

Finally we have g(x,y) < h(y) < 2NIn(2) for all pairs of x and y with x >
y+ 1 > 2. This shows that g is bounded in D, thereby completing the proof of
the lemma. O

Now we give a choice of #; so that we can derive a bound for X (k) compa-
rable to the right hand side of (2.16). In this way, when we combine X; (k) and
¥, (k) we are able to obtain the right bound for Ej.

Lemma 2.5. Given any fixed choice of t| > 0, there exists p > 0 such that for
the choice of sequence of times t, := p*~'t;, k=1,2,..., we have

Ep < Ao(f)2ke st =12, (2.21)

Proof. We prove (2.21) by the complete induction. We see, by (2.14), that (2.21)
is true for k = 1. By inductive hypothesis we have E; < Ag(t;)2/e~%"-i+1 for all
j < k. Furthermore we know from (2.18) that £, (k) < (k4 1) "Ag(t;)e ™ %nt+1,
thus we just need to estimate ¥ (k) for this choice of sampling times. We thus
have
k=1
(k) < ZAo(tl)zje*‘sﬂn—me(l(j)*l(k))fnfkﬂ
j=1
k=1 ,
=Ao(t1) Z 2J oA () =2 (k)= 8;p* )ty i1 7
j=1
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where we have used ; e ”: = p*=J (See (2.15) for £ (k)). Use these estimates of

¥ (k) and X5(k) in (2.15) to obtain

E < Aoe*5kfn7k+1

k+] T Z 2] —8;0" 8¢t A+1] )

We want to show that there exists p > 0 such that A (j) — A (k) — §;p* 7/ + 8 <0
for 1 < j<k—1and k=2,3,.... But for each such j and k this is equivalent
to asking A(j) —A(k+1) < (A(j) —A(j+1))p*~/ when we use §; = A(j) —
A(j+1), and using the expression for A (.) from (2.2) this is the same as proving

Mz

(—1) o ( <k+1>2f>s<i< Do (2 = (j+1)2 >>pkf.

=1 =1

Since (—1)! o < Oforalll =1,...,N, asufficient condition for the last inequal-
ity to hold is that j2! — (k+1)%! > (j2! — (j+ 1)) p*~/, which is equivalent to
(k+1)* —

(+1)* -

For all [ =1,2,...,N and for our choices of j and k, due to Lemma 2.3 as we
have

pri>

k12N = 2N (k1) -
>
O VA 2”

it is enough to find p such that

(k—l— 1)2N _j2N
(1 =2V

v

p*”
and taking logarithm on both sides and simplifying, this inequality is equivalent
to

1 k+1 2N _ 2N
p= -In ( .+ ) /
k=j NG+ =2V

but the existence of such a p is guaranteed by Lemma 2.4 with p > 2N1n(2).
With such a p we have

k—1
(k4+1)"+ Z 2]] < Ag2ke%n- k1
j=1

E; < Age ™ %tn-kt1

proving the claim. OJ

Now we can prove the following Theorem, extending the main result of [7]:
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Theorem 2.5. Consider the solution u(x,7) of the problem (2.1) with the initial
datum f € F, r > 0. Fix xg fulfilling the condition (2.6), an arbitrary initial
sampling time 7; > 0, and p satisfying p > 2NIn(2), where 2N is the order of
the PDE in (2.1). Consider a time sequence {;} ;> such that ¢; := p/~1t;, j =
1,2,.... Then there exists a positive integer n such that we can use the first n
sampled values u(xo,?;), j = 1,2,...,n to construct an approximation f, to f
that satisfies

Hf_fl’lHLZ[O,TC] < C(r>t1>p7A)n_ra n=1, (2.22)
where the constant C can be chosen to depend only on r, the initial sampling

time 71 and the constant A := miny_; _ 1) {6(k)}

Proof. From the sampled values, we can compute the approximations ¢ to
cx := frsin(kxo) using (2.12). Moreover, from Lemma (2.5) we have [c — & | <

Ao(tl)2"6*“5(’0%—/#17 1 < k < n. Define an approximation f := slngilléxo) to each
fk, k=1,2,...,n. Then using condition (2.6), we have
n _ An(t Zk —8(k)ty—k+1
o fil < Aol Ze < C(n)k2te ®Wmrer - (2.23)

| sin(kx)|

where C(t;) := A(t1)/do. Now we define the approximation f, to f as f, :=
Yi 1 fisin(kx), where m := [5]. Then from (2.10), with a constant Cy depend-
ing only on #; and r, and defining A := ming—; __,,{S(k)}, we get

2 m
E ”f - fn”lzj[on.} SCO Z kzzzke_za(k)tn—kﬂ + m—Zr
k=1

n_q mn
<Cpe 2P ZeZIn(k)+2kln2+m72r
k=1

n_q n
§C0672At]p 2 Z e(2+2ln2)k + m=2
k=1

1
<Cpe 2P 242 2n o =2

)

while obtaining this inequality we have used the facts that In(k) < k for k > 1,
m <n,and m < 7 +1 so that

min {8(k)t, o1} = min {§(k)p" *1} > min {8(k)} min {p" 1}
k=1,....m k=1,...m k=1,....m k=1,...m
:Al‘lp%_l.
But for a sufficiently large n we have n?+!e(2+2In2)n,—24np o 1, that is,

n_g
neZ+H2In2)ng=20np2 "  =2r and therefore

1f = fall 2o, < Cn %,
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where C is a constant depending on #1,r and A. OJ

Remark 2.6. Here we remark that in general it is possible to approximate a
number of Fourier coefficients greater than the number of samples. In particular,
we show that with one sample we can approximate two Fourier coefficients.
Consider the initial value/boundary value problem

U = Uy, u(0,¢) =u(mt)=0, u(x,0)= f(x),

with solution u(x,1) = Y1 fre ¥ sin(kx). Suppose we have only one sample
u(xo,t).

Let F(t) = Y4>1 cke ¥, where ¢, = fi sin(kxp), and sin(kxp) # O for all
k > 1. By the procedure in [7], we can recover ¢; = €' F (1), with error

_ 1
= |C1 *C1| S m
Notice that , -
c=e*F(n) — c1e? Zce (*=2%)

Jj>3

and let ¢, = ANE (t1) — 516(22_12)’1. We use two bars instead of one to indicate
that this is a different approximation compared to that found in [7].
Let’s estimate E, = |c; — 2

Ey<le—& e + Y |ejle 2
Jj=3

<E;e + Zj—re—(jz—zz)fl
>3

<Ele"§ll+3 r _5t1(1+€_7tl+€_16t1+...)
<Ei e +37Te N (1 4e M fe )

_Ele3l1+3 r —51‘1

l1—e™
1 1
< 37}‘ —51
Sri—em 0 ¢ 1 e
1
< (1 —54 )
_27'(1_67[])( +e )
The error E, in [7] for n samples is at most 7)22 —Sti-1 g0 these are

2r(1—e
comparable for #, small. Notice however that in the case of the bound in [7], the
time #,_1 is a geometric multiple of #; which is possibly much bigger than ¢#;, so
E, is small if n is big, while here E; does not go to zero even if ¢; becomes very
large.
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2.3. The non-autonomous case

We address the same issues in the case of a heat equation with a time depen-
dent diffusivity coefficient. The more general case of a linear evolutionary PDE
with time dependent coefficients is definitely much more complicated and is
completely open.

Let o(t) be a function in C°([0, +o0),R), not identically zero. For physical
reasons, we assume ¢(z) > 0 for all # > 0 and bounded away from zero. We
study the initial/boundary value problem with an unknown u(x,7) given by

=0y, t >0,0<x<m, u(0,t)=u(m,t)=0, u(x,0)=rf(x), (2.24)

where f € F, C H}([0,7]) C L*[0, 7).

We set p(k,t) := —a(t)k* and A(k,t) = —b(t)k* with b(t) := [§ ou(s)ds.
Since o(t) is continuous, positive and bounded away from zero, b(t) is continu-
ous, positive and strictly increasing on [0, o). Then the solution to the problem
(2.24) is given by

Fee PR gin (k). (2.25)

s

u(x,r) =Y e %0 sin (kx) =
k=1 k

1

By the very assumptions on o(t), the problem (2.24) is well-posed. This as-
sumptions imply A(k,z) < O for all k € N and for all # > 0. Moreover, again
from the assumptions on (¢) we have that the following hold:

ALr)<0OVet>0, Ak+1,0)<A(k,))VkeN, Vt>0, (2.26)
lim A(k,t) = —eo for each fixed t > 0, (2.27)

k—r+o0
lim A(k,t) = —eo for each fixed k > 0. (2.28)

t—r+o0

With the choice of a new variable T := b(t) = [; a(s) ds, the problem (2.24)
can be restated as

Ur =, T>0,0<x<m, u(0,T)=u(x,T)=0, u(x,0)=f(x). (2.29)

By Lemma 2.5 and Theorem 2.5 (with N = 1), the problem of recovering f with
the desired accuracy studied in Section 2.2 can thus be solved for the problem
(2.29) with a choice of p > 2In(2) and for any fixed choice of 77 > 0, as long
as there exists an increasing sequence of new times 7;, k = 1,2,... such that
T > pkilTl. In other words, by setting 7} := b(#;) we need a choice of the
initial time #; > 0 and an increasing sequence of times #, k = 1,2, ... such that

b(t) > p*'b(11).
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Corollary 2.7. Consider the solution u(x,T') to the problem (2.29) with the ini-
tial datum f € F,, r > 0. Fix xq such that (2.6) holds true, the initial sampling
time #; > 0, and p satisfying p > 2In(2). Consider an increasing sequence
{t;};>1 such that T; > p/~'Tj. Then the coefficients ¢; = f; sin(kxo) and their
respective approximations ¢ (obtained from (2.12) by replacing #; with Tj) sat-
isfy

o — | < Ag2ke BKH VTt =12, .. n, (2.30)
[n/2] _
and hence the constructed approximation f,(x) := Z frsin(kx), where f; =
k=1
- , satisfies
sin(kxo)
If = fall2o. < C(rtr,p)n”", (2.31)

where C is a constant that depends on r, p and ¢;.

3. Conclusions

We conclude mentioning some open questions that we think are definitely worth-
while exploring. The first one is to adapt the algorithm developed in [7] to the
case of non-autonomous linear evolutionary PDEs of types more general com-
pared to the case we dealt with in Section 2.3. For instance, a case like the one
explored in Section 2, but in which all the coefficients depend explicitly on time.
In this set-up, even proving the unique reconstruction of the initial data with in-
finitely many samplings is not straightforward and it seems to require some new
ideas.

It is clear that the algorithm developed in [7] and further investigated here
is based on the fact that the PDE dynamic is equivalent (via Fourier series) to
an infinite dimensional systems of ODE:s that are easily integrable (in the cases
analyzed here and in [7] they are uncoupled first order linear ODEs). It would
be definitely interesting to see how these ideas can be extended to nonlinear
integrable PDEs, where, using a nonlinear analogue of the Fourier transform,
like the Inverse Scattering Method, one can convert the PDE dynamic into the
dynamic of an infinite dimensional integrable system of ODEs. One of the major
problems, however, is that this integrable system of ODEs is made of ODEs that
are non-trivially coupled and whose integration is not immediate, but it is based
on the construction of action-angle variables.
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