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Abstract

This paper investigates an inverse source problem for general semilinear stochastic hyperbolic
equations. Motivated by the challenges arising from both randomness and nonlinearity, we
develop an iterative regularization method with a global error bound that combines Carleman
estimate with fixed-point iteration. The error estimate uses partial lateral Cauchy data and an
arbitrary admissible initial guess; it retains a regularization bias. We establish a new Carleman
estimate for stochastic hyperbolic equations and prove a weighted energy error bound for the
proposed method. Furthermore, we design an efficient numerical algorithm that avoids solving
backward stochastic partial differential equations and is robust to randomness in both the model
and the data. Numerical experiments are provided to demonstrate the effectiveness of the
method.

Keywords. Semilinear stochastic hyperbolic equations, inverse source problem, numerical meth-
ods, regularization, Carleman estimate.

1 Introduction

Let T > 0, and let (Q,F,F,P) be a complete filtered probability space, where F = {F;}i>0
is the natural filtration generated by a one-dimensional standard Brownian motion {W(t)}:>o,
augmented by all P-null sets in F. Write F for the progressive o-field with respect to F. Let
H be a Banach space. Denote by L]%(O,T ;H) the Banach space consisting of all H-valued F-
adapted processes X (-) satisfying E(|X (-)\%Q(O,T;H)) < 00, equipped with the canonical norm; by
Lz (0,T;#H) the Banach space of all H-valued F-adapted essentially bounded processes; and by
Li(Q;C([0,T); H)) the Banach space of all H-valued F-adapted continuous processes X () for
which E(\X(-)%([O’T};H)) < 0o (similarly, one can define L2(Q; H(0,T;H))).

Let G be a bounded domain in R with a C? boundary I' = 8G. Let (0/%)1<;r<n € CHG;R™)
satisfy that &/¥ = b* for all j,k = 1,--- ,n and for some constant sy > 0,

Z bjk‘fj&k > So|€|2, for all (z,&) € G x R™.

Jik=1
Denote by v(x) = (v!(x),v%(z), - ,v"(z)) the unit outward normal vector of I' at z € T'. Put
A S
r,2 {x er ] 3 vF @), (@)F (@) > o}. (1.1)

Jk=1
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agf), where z =

where 1 is given in Condition 1.2. We use the notation y,, = vy, (z) =
(z1,...,2y) € R™ and z; is the i-th coordinate.

Let Q = (0,T) x G, ¥ = (0,T) xI" and ¥¢p = (0,7) x I'g. Consider the following semilinear
stochastic hyperbolic equation:

n

duy — Z (bjkuzj)zkdt = F(u,us, Vu)dt + audW (t) in Q,

Jk=1 (1.2)
u(0) = 0 in G,

where a € Lg°(0,T;L>°(G)) and F : [0,T] x Q@ x G x R x R x R" — R satisfying the following

assumptions:

Condition 1.1. (1) For each (1, p,¢) € RxRxR"™ F(-,-,-,n,p,¢) : [0, T]xQx G is an L*(G)-valued
F-adapted processes;

(2) There exists a constant L such that for a.e. (t,w,z) € [0,7] x Q x G and any (n;, 0i,() €
RxRxR" (1=1,2),

’F(t7w7x7n17917C1) - F(t,W,x,nQ,QQ,CQ)’ S L(‘Tll - 772‘ + ‘Ql - 92’ + ‘Cl - CQ‘RTL>7

(3) |F(--,-,0,0,0)| € LA(0, T; L*(G)).

Stochastic hyperbolic equations play a fundamental role in modeling the vibrations of strings and
membranes under random force, as well as wave propagation in random media (e.g., [5, 6, 12]). Their
inverse problems have significant practical applications. A notable example is the international Solar
and Heliospheric Observatory (SOHO) project [13], which seeks to reconstruct the Sun’s internal
structure by analyzing surface motion measurements [6]. This problem can be mathematically
formulated as a series of inverse problems for stochastic hyperbolic equations, one of which is
stated below:

87u
ov Eo.

Problem 1. Determine the source function ug from the lateral Cauchy data u‘z and

To study Problem 1, we introduce a technical assumption on (bjk)lgj,kgn:

Condition 1.2. There exists a positive function () € C%(G) satisfying the following:
(i) For some constant o > 0 and any (x,£) € G x R", it holds that
n n n
ST [N ey — 0 0 | b > 0 Y 6
gk=1 " j' k=1 k=1
(i) There is no critical point of ¥(-) in G, i.e.,

min |V (z)| > 0.
zeG

Remark 1.1. Condition 1.2 ensures the existence of a suitable weight function for establishing the
necessary Carleman estimate for linear stochastic hyperbolic equations. This condition represents
a pseudoconvexity requirement (cf. [14, XXVIII]). In particular, when the matrix (57%(:))1<;r<n
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coincides with the n x n identity matrix I,,, the function () = |z — z|? with 2o € R™\ G satisfies
Condition 1.2 with the constant pg = 4.

Observe that if ¢(-) satisfies Condition 1.2, then for any constants a > 1 and b € R, the rescaled
function ¢ = ay + b also satisfies this condition with ug replaced by apg. Consequently, we may

select 1, po, and positive constants ¢y > 0, ¢; > 0 such that the following strengthened condition
holds:

Condition 1.3.

Z VR (@), (€) b, (2) > RE 2 max (), Vo€ G,
] k=1 zeG
1 < fo — 4c1 — co > 0.

\fT

Inverse problems for deterministic hyperbolic equations have been extensively studied (see, e.g.,
[3, 4, 16, 20, 22, 37] and references therein). In contrast, inverse problems for stochastic hyperbolic
equations remain far from being well studied. The reason is that, compared with inverse problems
for deterministic hyperbolic equations, the presence of randomness and uncertainty in both the
model and the data introduces significant additional challenges in the study of inverse problems for
stochastic hyperbolic equations. Those intrinsic difficulties caused by randomness and uncertainty
make it difficult to directly extend methods developed for deterministic hyperbolic equations to the
stochastic setting. As a result, the explicit determination and reconstruction of these stochastic
sources and potentials remain largely unexplored, representing a critical gap in current research.

To our best knowledge, only a few works concern the determination of these sources and po-
tentials. In recent years, substantial progress has been made in determining the expectation and
variance of random sources for random time-harmonic acoustic, electromagnetic, and elastic wave
equations; see, e.g., [2, 11, 23-27]. In this paper, we are concerned with the explicit determination
and reconstruction of the source function for semilinear stochastic hyperbolic equations, which is
different from the problem of determining the expectation and variance of random sources.

On the other hand, in [29, 30, 41, 42], it is proved that the unknown source function was
determined from partial boundary measurements for semilinear stochastic hyperbolic equations.
Nevertheless, those works considered the case of homogeneous Dirichlet boundary conditions and
did not provide a method for reconstructing the source function. Recently, in [9] the inverse
Cauchy problem for linear stochastic hyperbolic equations was addressed, and numerical examples
were provided using a kernel-based learning method, with full boundary measurements. For other
studies on inverse problems for stochastic wave equations, see also [38], where a class of inverse
problems for nonlinear stochastic wave equations is investigated using optimal control techniques,
determining part of the boundary shape and the reflection coefficient.

Classical approaches to nonlinear inverse problems primarily rely on optimization techniques,
which are local in nature and work well when a good initial guess is available. However, solving
nonlinear problems without a reliable initial guess remains a challenging and important issue. One
widely recognized global strategy is convexification, which employs a suitable Carleman weight
function to convexify the functional, with the justification provided by Carleman estimates. Since its
introduction in [18], the convexification method has seen various adaptations [17, 19]. Nevertheless,
a major weak point of convexification is its high computational cost [34]. To address this, and
inspired by [7, 34], we propose a new method that combines fixed-point iteration with suitable
Carleman estimates to obtain a global regularized error estimate for nonlinear inverse problems.
Here, “global” means that our approach does not require an initial guess close to the true solution.
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Our approach to solving Problem 1 is to construct a map &(u,) =uy,4+1 =arg min J, (u; u,) via a
Tikhonov functional (see (3.2)), which defines a regularized iteration; a fixed point need not equal
the true solution. Starting from an arbitrary initial guess ug, we recursively define u,, for n € N.
The main result of this paper, Theorem 3.2, gives a geometric iteration-error term and a Holder-
type data-noise term in a weighted energy norm, together with a nonvanishing regularization bias
for fixed k. It does not imply exact recovery or uniqueness for arbitrary observation times.

Finally, we present a numerical Algorithm 1 for solving the inverse Problem 1. Compared with
deterministic inverse problems, the stochastic counterparts introduce additional challenges: the
lateral Cauchy data (see Remark 4.2) and the gradients involved in optimization (see Remark 4.4)
are themselves stochastic processes, making classical deterministic optimization methods such as
the conjugate gradient method unstable or inefficient (see Figure 1). To address this, we employ
the adaptive moment estimation (Adam) optimizer [15] for stochastic optimization and utilize
automatic differentiation [35] to efficiently compute gradients, thereby avoiding the need to solve
backward stochastic partial differential equations (see, e.g., [8, 40]). The numerical behavior and
its model and implementation qualifications are discussed in Section 4.

This work is not a straightforward extension of previous studies on inverse problems for semilin-
ear deterministic hyperbolic equations [7, 34] or linear stochastic hyperbolic equations [9]. Below,
we discuss the distinctions and connections with these works in detail.

Comparison with [7, 34]. In this work, we study a semilinear stochastic hyperbolic equation
with general coefficients, using only partial boundary observation data. Unlike deterministic inverse
problems, the stochastic nature of our setting introduces significant challenges, particularly due to
the fact that Brownian sample paths are almost surely non-differentiable in time. To overcome
these difficulties, we develop:

e A new Carleman estimate tailored to stochastic hyperbolic equations (see Theorem 2.1);

e A modified Tikhonov functional (see (3.2)) designed to handle the irregularity of stochastic
processes.

Furthermore, stochastic setting poses additional structural challenges, as the solution spaces typ-
ically lack compact embedding properties. Consequently, the techniques employed in [7, 34] for
deterministic problems are not directly applicable here.

Comparison with [9]. While [9] investigates the inverse Cauchy problem for linear stochastic
hyperbolic equations, our work focuses on the semilinear case. The introduction of nonlinearity
necessitates fundamentally different approaches at both theoretical and computational levels:

e Unlike the direct regularization method employed in [9], we develop an iterative regularization
scheme based on fixed-point iteration for (1.2).

e Our Carleman estimate (see Remark 2.1) differs from that in [9], as it must account for
nonlinear effects in proving iterative convergence.

e While [9] utilizes mesh-free kernel-based learning, we propose Algorithm 1 based on discretiza-
tion of the Tikhonov functional (4.11).

ou
e Whereas [9] needs measurements of both v and — on the entire lateral boundary, our ap-

ov
0
proach solves Problem 1 without requiring the boundary data for a—u on (0,7) x (I'\ I'p).
v

In a word, our new method offers several advantages:
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1. It is specifically designed for stochastic PDEs, effectively handling randomness and circum-
venting the challenges of solving backward stochastic PDEs.

2. It does not require a good initial guess.

3. It exhibits a fast convergence rate.

4. It enables the reconstruction of the source function from partial boundary measurement.
5. It does not require the special structure on the nonlinearity F'.

We end this section by highlighting an important point.

Remark 1.2. Although we assume in Condition 1.1 (2) that F(t,w,x,,-,-) is Lipschitz continuous,
this may not hold in practice. A cutoff argument applies when F' is locally Lipschitz in its state
variables, with Lipschitz and growth bounds uniform in (¢,w,z) on each bounded state set. One
must also know a constant M in advance such that the true solution u* of equation (1.2) satisfies
|u*| L (WLhee (0,1 W heo(G))) < M. These are additional hypotheses; a cutoff alone cannot regularize
a non-Lipschitz singularity. Then we construct a C'! function y : Rx R x R" — R satisfying x = 1 in
{(n,0,¢) € RxRxR" [ [n|+[o[+[¢[rn < M} and x = 01in {(n, 0,¢) € RxRxR" [ |n|+[o]+[([rn >
2M}. We then solve Problem 1 for equation (1.2) with F' replaced by yxF. Example 4.2 uses an
already globally Lipschitz truncated exponential nonlinearity.

The rest of this paper is organized as follows. In Section 2, we establish a Carleman estimate for
a linear stochastic hyperbolic equation. In Section 3, we propose an iterative regularization scheme
to solve Problem 1 and establish its convergence properties. Finally, in Section 4 we present the
numerical algorithm for Problem 1 along with numerical experiments.

2 Carleman estimate for a linear stochastic hyperbolic equation

In this section, we establish a global Carleman estimate for the following linear stochastic hyperbolic
equation:

dzy — Y (VF2))adt = Ydt + azdW(t) in Q,
g k=1
z=0 on X, (21)
0z
i 0 on Xo.

Theorem 2.1. Assume Conditions 1.2 and 1.3 hold, b'* € C3(G) and v € C*(G). These smooth-
ness hypotheses ensure that the multiplier U used below has the derivatives required by the weighted
identity. Then there exist positive constants C' and Ao such that for all X > Ao, the solution z to
(2.1) with initial condition z;(0) = 0 satisfies the following Carleman estimate:

]E/ 02Nzl 4+ AV z|? + N322)dxdt < CE/ 92()\|Vz\2+)\3z|2)|t_Tda:+CIE/ 02| 2dxdt, (2.2)
Q G Q

where the weight function 0 is defined by

0=, 0(t,z) = A(z) — ert?). (2.3)



Remark 2.1. We emphasize that Theorem 2.1 employs a different Carleman estimate than [9],
where the weight function 6 is chosen with 6:(0) = 0 to ensure iteration convergence (Theorem 3.2).
Furthermore, since our assumption on the measurement noise is given by (3.6), it is sufficient here
to derive the Carleman estimate under homogeneous boundary conditions.

Here and in what follows, we denote by C' a generic positive constant that depends only on the
domain G, time horizon T, and coefficients (b/%(-))1<; k<, and a, the fixed weight parameters and
their required derivative bounds, and the Lipschitz constant of F', whose value may change from
line to line. The absorption threshold in Theorem 3.2 also depends on k.

To prove Theorem 2.1, we recall the following known result.

Lemma 2.2. [71, Lemma 10.18] Let ¢ € C?((0,T)xR"), bk = bk ¢ C2(R") forj, k=1,2,--- ,n,
and ¢ € C3((0,T) x R"), ¥ € C?((0,T) x R™). Let ¢ be an H?(G)-valued, F-adapted process such
that ¢; is an L*(G)-valued It6 process. Set § = e* and w = 0. Then, for a.e. x € G and P-a.s.
w € Q,

n

0~ 20t +2 zn: V¥l e, + ) [gdpr — Y (670, )]

Jk=1 Jk=1

n n
+ Z [ Z (ijkbjlklﬂxj,wxijk, - bjkbj/k/ﬁxjwij,ka) - 2¢bjk€thjwt + qbbjkijwf
Jk=1 j k=1

+ U w, w (AE%JF\I} )bﬂ“ 2} dt
T

d{qs S Vr b w,, — 26 Z VRL, s w; + G w? — pBwpw + [wwt ¥z (gb\I/) ] }

J,k=1 J,k=1

- [(wt)t + > (¢l ), — qb\If] widt — 2> (@6 0y, )i + VF (Gly) 0y, | W wrdt

Ji:k=1 j.k=1

LI oo 2
+ Z ékwxijkdt + Bw?dt + ( — 20wy + 2 Z bﬂ%zijk + \I/w> dt + ¢292€t(dg0t)2, (2.4)

Jik=1 g,k=1
where
A2 (0% — ty) — D A e A A e 1
3 k=1
n ‘ 1 n '
B2 AV + (@Al — Z (Abjkij)xk + B [(d"l’)tt - Z (b]kll'xj)zk}v (2.5)
k=1 k=1
R (), + Y [ O ey, — VL), ] R
§ k=1

Throughout this paper, for A € R and p € N, we denote by O(\?) any function of order AP for
large .

Proof of Theorem 2.1. Choose

p=z2 ¢=1, = by + Z (07" 4a;)ay, — coN, (2.6)
7,k=1



in Theorem 2.2. We now estimate the terms in (2.4) one by one.
We first note that

gt = —261>\t, gtt = —201)\, ij = )\1/}1»]., fm;j == 0, _] = ]., e, M. (27)

From (2.6) and (2.7), we derive that

n

(@200)+ D (66700, — 00|} = codu, (2.8)
j,k=1
and
—2 Z [(¢b]k£$k)t + bjk(¢£t)$k]w$jwt =0. (2.9)
4. k=1

Furthermore, combining (2.6) and (2.7) and Condition 1.2 yields

> Fwgun, = 3@ ) Y 208 G )y~ G ) ]+ 0 L,
G k=1 G k=1 37 k=1
= Z {bjkétt_‘_ Z [ijk,(bj/kexj/)xk/_bg;lz,bj/klgzj/ _bjk(bj/klfx]-/)zk/]
§k=1 §' k=1
+ |:£tt + Z (bj/klgmj/)zk, — Co)\i| bjk}wzijk
‘l k/_l

{o0* + Z (26 (00 s — UV b ] = oD faw

k!

jk=1 5 k=1
jk=1 § k=1
n .
> Mpo — 4e1 — o) Z bjkwxijk. (2.10)
J.k=1

From (2.7), we obtain
A= N2 (4632 = 30 W, ) + O (2.11)

J,k=1

(Al = —24cEN8 + 261 X% > VP 1y, + O(N?),
g.k=1

and
n

= D (AL Yoy = =X D AW+ A b ]
g k=1 Jk=1

= /\3 { 4Clt2<b]k¢$j xk + Z wx /%k,)(b]kw:vg)

Jk=1 3’ k'=1



3 O b 0, |+ O0),
Combining this with (2.5)-(2.7) yields

B = (461 + C()))\3 Z b‘jkwx]wﬂfk + )\3 Z Z bjklb:ﬂj (bj,k/w:tj/ wmk/)xk
g k=1 g k=174 k=1
—4(8¢3 + coc) N3tE + O(N?). (2.12)

From Condition 1.2, we get that

D DA (AT

jk—lj'k’fl
’k’ ik k'
Z Z VK o o Vs + 2R N o e )
jk: 15 k'=1
Z Z B o Ve, Vay — 267 O b ey e, + 267 (6, ) Wty )
TjPTj VTt Ty VLG VTt Ty )Ty ¥ TGV T
7,k=14"k'=1

=S Ry — B ]

Jk=1 j k=1
n
2 Ho Z bjkwxj¢xk (2'13)
]7k:1

Under Condition 1.3, we establish from (2.12) and (2.13) the lower bound

n

B> (dex + co + po) A Y bR the, — A(86F + coc)) NP + O(N?)
g k=1

> 4(dey + o+ po) NP RE — 4(8¢3 + o) N3T? + O(\?)
> (4e1 4 co) NP (4RT — 8c1T?) + O(N?).

By Condition 1.3, there exists a positive constant A\; such that for all A > A, we have
Bw? > ONw?. (2.14)
Since £¢(0) = 0 and w¢(0) = 6(0)2:(0) +6,(0)z(0) = 0, applying (2.6), (2.7) and (2.11) and Con-

ditions 1.2 and 1.3, the Cauchy-Schwarz inequality and Young’s inequality yields for any ¢ > O:

/ / Z PR, W, —20 Z B* 0 0, w0+ G w? — gb\Ilwtw—i-[(bAﬁt—i- (¢>xy)] }

7,k=1 j,k=1

—E/ < Z bjkgtwm]ka 2 Z yk ijkawt +€twt — Ywiw + Alyw )
G

7,k=1 7,k=1

dx
t=T




n n
= IE/ [— 201T/\< Z bjkw;,;jw,v,C + wf) -2 Z bjkijkawt — Yww
G Jik=1 Jk=1

dx

—2c,TN? <4c%t2 - Zn: bjkz/)xjwmk>w2 + (9()\2)102} .

jk=1

< IE/ [— 2c1TA(so|Vw|? +w}) + 2>\‘ > VR w,
G . '
7,k=1

|we| + [Pww|

CN3w? + (9()\2)102] ‘t:de

L 2
< IE/ [f 2c1T\(s0|Vw|? + w?) 4+ e w? + C(s))\‘ D Ve, |+ Cle) M
G

Jk=1

CX3w? + (’)(/\2)w2] ‘t:Tdac

< E/ [- 21T (s0| Vw|? + w?) + elwy|* + C () A(|Vw|? + w?)
a
OX3w? + O(/\2)w2]‘ d.
=T

Choosing € < 2¢;T and noting ¢;T" < Ry, there exists Ay > 0 such that for all A > Ao, we have

T n n
E / / {6 3" VMg w, =20 3 VM g w0+ 62} - Www+ [qb/wt—k%(d)\ll)t]wQ}
0 G

Jk=1 Jk=1

< CE/G(A3\w(T)|2+Avw(T)|2)dm. (2.15)

Thanks to the divergence theorem, and noting that w = 6z and w = z = 0 on X, we have

E/ i { i (ijkbj/klij,wmijk, — bjkbj/klémijj,ka,> — 2¢)bjk€twijt + qbbjkﬁxjw?
Q

J.k=1 j'k'=1

+ \Ifbjszjw — (A&Ej + \I/;j )bjkwﬂ dt

Tk
n n
:E/z: Z Z (2bjkbj/k/€zj,wzijk, —bjkbj/klijwxj,ka,>ykdfdt
]7k:1 jlvklzl
n n . . . .
= \E / >y (%vkbf e, we wy,, — BOE ¢xijj,ka,>ukdrdt. (2.16)
> .
Ji.k=174"k'=1

Since w = 0z, thanks to (2.3), there exists a positive constant C' such that

1
GOV + [2) + X=P] < AVl + Jwnl?) + Wl < CON(V2L + [=2]7) + A7),
(2.17)

Integrating (2.4) over @, taking mathematical expectation of the integral, and noting (2.8)—(2.10)



and (2.14)—(2.17), for all A > max{\1, A2}, we get that

n

E/Q€{< — 20wy + 2 i bjkﬁmijk + \I’w) {dzt — Z (bjkcpxj)mkdt} }dm

Ji,k=1 Jisk=1
n n . . . .
+ )\IE/E Z Z (2bjkbj k @bxj,wxijk, — bRk ¢xijj,ka,)ukdfdt
Jik=1j" k=1

+C]E/ GQ(A\VZ|2+)\3|z|2)\tde—E/ 020, |dz 2 da
G Q

ZC’E/ 92[(Ayzt\2+xyv2\2) +A3\z\2}dxdt
Q

L 2
+ E/ ( — 20wy + 2 Z b]kﬁmjwmk + \Ilw) dxdt. (2.18)
Q k=1

Recalling that w = 0z and z = 0 on %, we find that
0z

Vw =Vlz+0Vz=0Vz = 0%1/, on X. (2.19)

Noting that gz =0on Xy and (1.1) and (2.19), we find that
v

ey ik —— 3
E/z Z Z (2b7 O Yy Woyway, — UV wm].wmj,wzk,>1/ drdt

J,k=1j"k'=1

:E/E i i (2bjkbj/k/w$j,yjuk, —bjkbj/klwzjyjlyk/)kaQ’gj

Jk=1j"k'=1

= E/E i i (ij/klbjklﬁxjyj/ykyk' _ bjkbj’k’wle/jlyk’yk>02‘gj‘Qdth

J.k=1j"k'=1

:E/E< zn: b zn: kaxjuk)92’2i’2dfdt

j k=1 J,k=1

< IE/EO ( zn: bj/kll/jluk/> (;:1 bjkq,z)xjuk)e? gi‘Qdth
—0

2
dl'dt

g k=1
— 0. (2.20)

From (2.1) and (2.7), we infer that
—IE/ 020y|dz|*dx = —E/(—2cl)\t)02|az|2dxdt
Q Q
< 26\ TE / 62|az|*dxdt
Q
2 21,12
S 2CIAT|a’L]%°(O,T;L°°(G))E/QH ‘Z‘ d.:Udt, (221)

and
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n

E/Qe{< — 2wy +2 zn: VRl g, + Ww) |dz = 30 (0702,), dt] bda

jk=1 jk=1

L 2
E / 02| Y [2dadt + E / (— 2wy +2 Y b w, + \I/w) dadt. (2.22)
Q Q Gik=1

Combining (2.18) and (2.20)—(2.22), choosing A9 > max{C, A1, A2}, we obtain the desired Car-
leman estimate (2.2). O

3 Convergence analysis for source determination

Denote HP = L2(0,T; HP(G)) N L&(Q; H'(0,T; H(G))) for p € N. Define an operator P : H? —
L2(0,T; L*(G)) by as follows:

(Pe)(t,2) 2t 2) / S (405, )y (5,2)),, ds

7,k=1
t
—/ a(s,z)p(s,x)dW(s), P-as., VeoeH, (t,x) € Q.
0

The admissible set is given by

A 0
UE{p 1 | Poc R O.TLG)). l0) =0, glo=F 3| =gf. (31

For any solution u to (1.2), we have:
! A
Pu = / F(u)ds, where F(u)=F(u,ut, Vu).
0

Under Condition 1.1, a solution u € H? satisfies IF (u) € L2(Q; H'(0,T; L*(G))). We assume that
the exact solution u* has this strong regularity. For exact data it belongs to U; for the noisy data
n (3.6), u* + &€ € U, so the admissible set is nonempty.

Let 6 be the weight function defined in (2.3). We introduce the following weighted Sobolev
spaces:

Ly (Q: H'(0,T; LX(@)))
{goeL]F(Q HY0,T;L*(G ‘E/ /02|¢| dmdt+E/ /02|g0t| dxdt < oo}

and

L3"(0,T5 HP(G)) = { ¢ € LE(0,T: H'(G Z / / 0| Dapldadt < o}
&0

olel

= 5 g denotes the weak

n
where o = (a1, ,qy) is a multi-index with || = Y «; and D,
i=1

derivative operator. Let

| >

HE 2 LYU(0,T; HP(G)) N L™ (9 HY(0,T; HY(Q))),

where A, ¢; are the parameters from (2.3). Each of these spaces, when equipped with its canonical
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norm, forms a Banach space. In 7-[’;\ . the weight is e/\(w*d?); in particular ¢ = 0 denotes the purely

spatial weight. The strong regularization space Hi o includes Vuv;. For the iteration error we use
the distinct energy norm

I, ., :=E/Q@2(|vt\2+ IVo|? + [v]?) dx dt.

No mixed derivative Vu; is included in this energy norm.
Let the integral operator I be defined by

If(t):/o f(s)ds for te[0,T).

Let us construct a sequence {uy }neny € U by induction.

1. Select an arbitrary initial solution ug € U.

2. Assume we have constructed a sequence u,, € U for n > 0.

3. Define uy41 as the minimizer of the Tikhonov regularization functional:

Jn((p) = ‘,P(,O - If(un)’ié’w(Q;Hl(O,T;Lz(G))) + ﬁ’(zpﬁ-[i 07 (32)

where ¢ € U and k € (0,1) is the regularization parameter.
We have the following result on the existence and uniqueness of the solution to the minimization
problem.

Proposition 3.1. For each fixed regularization parameter k € (0,1) and iteration index n > 0,
the Tikhonov reqularization functional J, defined in (3.2) admits a unique minimizer un4+1 in the
admissible set U.

Proof. We begin by defining the weighted solution space:

Uy 2o e | Poe Q' (0.T:L2(C)). @i(0) =0, ¢ls =0,

For fixed k € (0,1), we endow U3’ with the inner product:
A
(p, q>M5” =(Pp, Pq)L;’w(Q;Hl(QT;[ﬂ(G))) + K(p, Q>’H§,O7 Vp,q €Uy (3-3)

The space U’ is complete for this graph norm. Indeed, a Cauchy sequence converges to v in H?
and its images under P converge in L?(2; H'(0,T; L?(G))). The defining deterministic integral
and Ito integral are continuous from H? into L?(2; C([0,T]; L*(G))), by Cauchy—Schwarz and the
It6 maximal inequality. Their limits identify the graph limit as Pv and give convergence of v; in
this continuous-time space. Thus v;(0) = 0 is preserved. The spatial trace theorem preserves both
homogeneous boundary traces, and adaptedness is closed under L? convergence. Hence completion
does not enlarge the admissible class.

Given a reference function R € U, we consider the shifted variable v = ¢ — R and define the
functional:

Tn(v) =|Pv+PR - I}'(un)|i§,w(Q;Hl(O7T;L2(Gm + K|v + Rﬁ{i’o, Vo euy.

The equivalence between minimizing 7, and J, is clear: v,y minimizes 7, if and only if 1,1 =
Un+1 + R minimizes J,.

12



The variational principle yields the Euler-Lagrange equation for the minimizer vy,11:
(Pops1 + PR —1F (up), Pp)leF,w(Q;Hl(QT;LZ(G))) + k(41 + R, p>H§7O =0, VpeUuy. (34

To verify that v, is the minimizer of J,, consider for any p € UY:

7n (P) - 7n (Un+1 )

= [Pp+ PR = LF(n)l 20 01107120y + FlP + Blaz |
= [Ponsr + PR = TF(un) oo 0 7,2y — Flonss + Blies

= |Pvn+1 -+ PR — I]:(Un) + P(p - /Un+1)’i;’w(Q;Hl(O,T;LQ(G)))

2 2 2
+ H‘Un—i-l + R+ (p - 'Un+1)’7.[§\70 - |73Un+1 +PR— I}—(u”)|LE2,’“’(Q;H1(O,T;L2(G’))) - H|U7L+1 + R’Hio

= 2(Pupt+1 + PR — 1F(uy), P(p — UnH))Lé,w(Q;Hl(QT;LQ(G)))
+ 26(vny1 + R, p — 'Un+1>7-[§70 +|P(p — UnJrl)|i;’w(Q;H1(0,T;L2(G))) + Klp — Un+1‘3_[§ o

- |P(p - vn+1)|i§’w(Q;H1(O,T;L2(G’))) + H|p - Un+1|?.t§’0
>0

— )

where we used (3.4) to eliminate the first two terms.
Using (3.3), we can rewrite (3.4) as:

(Un+1, P>M5“ = (L7 (un) — PRaPP>L§’M(Q;H1(0’T;L2(G))) - r(R, P>?—L§707 Vpely. (3.5)
The right-hand side of (3.5) defines a bounded linear functional on U}’ since

<I.F(’U,n) - PRv Pp)L;*“’(Q;Hl(O,T;LQ(G))) - /4/<R, p>’H§70
= (‘pR|L§’w(Q;H1(O,T;L"’(G))) + C’R|’H§,o + Clunle,, + ‘I}—(O)|L§’“’(Q;H1(0,T;L2(G))))|P|u5“-

Thanks to Riesz representation theorem, there exists a unique wy, 1 € Uy’ satisfying (3.5).
Assume that w1 is another minimizer of J,. Then w4 satisfies (3.5). For all p € U, we

obtain <'wn+1 - ﬁ)/n-‘rlv p>1/15“ =0,

which implies that w,, 11 = w,41. Hence, the minimizer of 7,, is unique. O

Let u* denote the exact solution to the semilinear stochastic hyperbolic system (1.2) with the

ou
exact boundary data u*|x = f* and —| = g*. Assume that there is a function £ € H? satisfying

ov o
o0&

oy (3.6)

PEl im0z T 1€l <6, &(0)=0, fls=f"+Es, g=g"+

where 0 > 0 quantifies the noise level in the measurements.

Remark 3.1. Here, we assume that the boundary measurement data f and g can be used to
construct a function &, so that the error is considered only in terms of £, as in [20, 34]. This is
a key point that allows us to work with partial boundary measurements. However, our numerical
experiments show that the method converges effectively even for more general noise, as in (4.9).
At present, we do not know how to obtain convergence results for semilinear stochastic hyperbolic
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equations under the assumption |f — f*| 4+ |g — ¢g*| < J in a suitable norm, as has been achieved for
linear stochastic hyperbolic equations in [9].

We have the following regularized error estimate.

Theorem 3.2. Assume the smoothness hypotheses of Theorem 2.1, u* € H?, and (3.6). Let the
regularization parameter k € (0,1) be fived, and let ¢y satisfy Condition 1.3. Fiz v € (0,1). There
exist positive constants C and Mg > C such that for all A > Ao, 6 < e AR/ gnd n € N, we have

n+1
|Un+1 — u*|g)\,61 < (/\> |U0 - u*|5)\,c1 + 0(62—2'\1 + ’{'|u*|7{§70)?

where w41 is the minimizer of the functional (3.2).
Proof. Since w41 minimizes (3.2), the Euler-Lagrange equation (3.4) gives
(Pup+1 — LF (uy), Pp)LIz;,w(Q;Hl(QT;LQ(G))) + K (Un+1, p>”§,o =0, Vpeluy.
For the exact solution u* satisfying Pu* — IF (u*) = 0, we have
(Pu* — IF(u"), Pp)L;,w(Q;Hl(OvT;LQ(G))) + r(u®, p>H§70 = r(u", p>H§7O, Vpely.

Subtracting the above two equations yields that
(P(upt1—u*) = (IF (un) — LF (u7)), PP>L;’“’(Q;H1(O,T;L2(G)))+ FUnp1—u", P>H?\,0 =—r(u’, P>7—L§\’O'

3.7
Letting z = up41 —u* — &, by (3.6), we get z € U’. From (3.7), we arrive at (3.7)
(P(z+€&) — (IF (up) — IF(u")), Pz)L;,w(Q;Hl(QT;LQ(G))) +r(z+ €, Z>H§,o = —k(u*, Z>H§,o
Hence, we obtain
2
Pl iz omazen + 12k,
= ((IF(un) — IF(u )),Pz)leF,w(Q;Hl(QT;LQ(G))) — r(u*, z>7_[§70 (3.8)

— <7Dg, PZ>L§,1U(Q;H1 (07T,L2(G))) - K}(g, Z>H§\,O.

Next, we estimate the right-hand side of (3.8) one by one. From Cauchy-Schwarz inequality
and Condition 1.1, for € > 0, we get that

((LF(un) — IF(u")), Pz)Lz,w(Q,Hl(QT;LQ(G))) — r(u’, z>7{§70 — K€ 2)2

C(e)|[LF (up) — LF (u*)|? +elPzl2 2
F

*|2
L3 (QH(0,T;L2(G))) <mmmﬂmmm+gwwﬁp+g’mh

+25/@|z|§{§0

* % K
< C(e)un —u*f?, . +elPz[ls, 2o oraey Tl e, E"S@ii,o + 2E/<c|z|§_[§’o (3.9)
and that
2
—(P¢, 7)"">Lf;’“’(Q;HI(O,T;L2(G))) Cle ”PE‘ 2% (Q;HL(0,T;L2(G))) + E‘PZ’ 2V (QH(0,T5L2(G))) (3.10)

Combining (3.8)—(3.10), choosing ¢ sufficiently small, we conclude that

2 2
|PZ‘ 2w (Q;H(0,T;L2(Q))) + ,{‘Z|H?\,0
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< C(|up — u*|§A + Klu* |H2 + [PEP? + \Sﬁ{io) (3.11)

L2™(QH(0,T;L2(G)))

Apply Theorem 2.1 to z, for A > Ao, we have

|7>z|L2w QH (OT:L2(G)) c]E/ 02(N\z2 + \|[Vz|? + X3z Z)dxdt—CE/ > (AIV2|* + N|2%)|,_d
. (3.12)
From (2.3) and trace theorem of Sobolev space, we obtain that
/ 0> (A[Vz|? + X?|z%)],_d
< N'E / PABE) =T (|7 (T) P + |2(T)|?)da
G
< CA%ZCMTQE/ 2@ (122 4 |V2)? + |22 + |V22]2 + |V |?)dadt
Q
_ 5 —2c1AT?| |2
=CX\e ’Z‘Hi,o' (3.13)

Combining (3.11)—(3.13), for A > X, we arrive at

cE/ 02(N\2? + A V2|? + \32%)dadt + /<c|z|§_[2 - C)\Se*QClATz\z\Hi
Q 0
< C(|un - u*@')\ + I{|U |7-L2 + |735|L2 Y(QHL(0,T;L2(G))) + ‘g@{io)

By selecting \; sufficiently large such that C\% —2e10T? < k/2 for every A > A; and recalling

that z = up41 — u* — &, we deduce that for all A > max{Ao, A1},

Munir = w3, < Cllun —u'l3, |+ klu* sz +|PE)? +AERs )

L™ (HY(0,T5L2(G)))

Next, setting 6 < e AR/ for # € @, we obtain the bound ¢ e2M(@) < (2ART < §-27 By (3.6),
and choosing \g > max{C, \g, A1}, we find that for all A > o and 5 e MRL/7 | the following
inequality holds:

* C * * —
fonsr =0 B, < (5 )l = + Ol + 62, (3.14)

Choose Ao larger if necessary so that ¢ = C'/A < 1/2. Iterating (3.14) and summing the geometric
series gives the stated bound, with a factor at most 1/(1 — ¢) < 2 in its error term. O

4 Numerical experiments for Problem 1

In this section, we present some numerical tests to illustrate the performance of the proposed
method. For simplicity, let the spatial domain be G = (0,1) x (0,1.5), the final time 7" = 1 and
bk = ik for j,k =1,2. Consider the following semilinear stochastic hyperbolic equation:

duy — Audt = F(u,uy, Vu)dt + audW (t) in Q,

u(0) =0 in G, (4.1)

u(0) = ug in G,

where a € Lg°(0,T; L*=(G)).
We solve the forward problem by employing the finite difference method in space and the explicit
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Euler-Maruyama method (see [10, 21, 28]) in time. Afterwards, we solve the inverse Problem 1 by
iteratively minimizing the Tikhonov functional.
Before presenting the numerical results, we first introduce the weight function 6 in (2.3) as
follows:
O(t,x,y) = NP@=025)  yn 1) = (2 — 0.5)2 + (y + 0.5)2 — 4.175. (4.2)

These weight parameters are empirical numerical choices; they are not asserted to satisfy the
positivity and sufficient parameter bounds in Conditions 1.2 and 1.3 or the large-A threshold. The
sign of the normal derivative still determines the observation boundary, so the observation boundary
Iy derived from (1.1) consists of:

Lo ={(1,y) |y €[0,1.5]} U{(z,1.5) | = € [0, 1]} U {(0,9)|y € [0, 1.5]}.
We shall employ the lateral Cauchy data U|(0,T)xr and g—;ﬁ . to reconstruct the unknown initial
source function uyg. ’

Remark 4.1. It is worth noting that, unlike in the deterministic case of [34], solving Problem 1
does not require the boundary data for % on the lower boundary {(z,0) | x € [0,1]}, which is
typically more difficult to obtain. We also employ a rectangular domain instead of a square one in
[34], which usually poses difficulties in reconstructing the initial condition.

Now we present the computational algorithm employed in our numerical experiments. Let
Jn,e(u;up) denote the Tikhonov functional defined in (3.2), where the subscript ¢ indicates the
dependence on sample paths w’ through the It6 integration term in operator P. Let A; be the
affine assembly map for boundary-data sample j, defined below, and let ¢ denote its free tensor.
The Wiener increments indexed by £ are fixed throughout each outer sample. At update t use
jt =1+ ((t — 1) mod Np), where Np is the number of boundary-data samples, and differentiate
In0(Ajq; u?_l) with respect to ¢. The numerical inverse problem is approximated through the
following iterative optimization procedure (Algorithm 1), where g? represents the element-wise
square of g;:

For fixed Wiener increments, boundary sample, and previous iterate, the discrete functional is a
deterministic convex quadratic in the free tensor. Its normal equations and deterministic conjugate
gradient method are therefore well defined. In the available implementation, the boundary sample
is cycled at each update, so the affine assembly and objective change with j;. We use Adam for this
sample-cycling procedure and the differently scaled gradient components; the archived optimizer
comparison does not establish an obstruction to CG for a fixed quadratic objective.

The Adam algorithm is specifically designed to address stochastic optimization problems. Its
key innovation lies in the incorporation of a momentum mechanism:

my = Brme—1 + (1 — B1)gy.

This approach offers two significant benefits:

1. Noise Reduction: By computing an exponentially weighted average of past gradients, the
algorithm effectively smooths out stochastic fluctuations in the gradient estimates.

2. Stable Convergence: The momentum term helps maintain consistent update directions,
leading to more reliable convergence behavior compared to standard stochastic gradient methods.

On the other hand, our computations reveal a significant disparity in the magnitudes of different
gradient components, due to the exponential form of the weight function 6 defined in (4.2). This
issue reduces the convergence rate of the CGM (see Figure 1). However, Adam mitigates the
problem by adjusting the learning rate adaptively based on the historical gradient information for
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Algorithm 1 The algorithm for solving the inverse problem

1: Choose maximum iteration N; and the number of sample paths Ng.

2: for /=1 to Ng do
Choose a free initial tensor ¢) and set u) = A;qy.
for n=1to N; do

3:
4:
5

10:
11:
12:
13:

14:

Choose the maximum number of update steps Ny, the learning rate a, and the parameters

517 /827 and e.

Initialize q(g) = q?il, vg =0, myg =0.

for t =1 to Ny do

Set jy = 1+ ((t — 1) mod Np) and g; = Vg e(Aj q-1y;uy)-
Set my = Birmy—1 + (1 — B1)g: and vy = Povy—1 + (1 — B2)g7.
Set mt == mt/(l - ﬁ%) and f}t = Ut/(l — Bg)
Set ai) = q(—1) — amt/(m+ €).
end for
Set g = q(ny) and uy = Aiq} as the computed iterate; finite updates do not guarantee

an exact minimizer.

end for
15: end for

16: Set the compute solution u. =

1 Ns Ny
TSZW :
=1

17: Output: The reconstructed initial source function uy = u.(0, z,y) for (z,y) € G.

L? relative error

1.0 A
0.9 A
0.8 1
0.7 1
0.6 -
0.5 A1
0.4
0.3~

0.2 4

—— Adam
—— CGM

1O(I)00

20000

30000

40000 50000 60000

update steps

Figure 1: We adopt the setting of Example 4.4 with Ng = 1. The figure records the implemented

Adam and CGM runs with cycling boundary samples.

It is an empirical comparison of those

implementations, not a claim that CG fails for a fixed quadratic objective.
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each parameter. More precisely, the learning rate is given by

_ i
’Yt_\/f)»t_i_gv

where vy = Bovi_1 + (1 — B2)g7 and 9 = v¢ /(1 — Bb).

The next challenging task is to compute the gradient Vqug(U(t_l);uZ“l). For stochastic prob-
lems, using the adjoint method typically requires solving an adjoint system, that is, a backward
stochastic differential equation (see, e.g., [8]). Numerically, the evaluation of the correction term
in a backward stochastic differential equation is very difficult because, to date, there is no effective
method to compute the conditional expectation of a general random variable [32]. To overcome
this issue, we employ the technique of automatic differentiation to compute the gradient.

One of the fundamental reasons behind the significant advances in machine learning is the
underlying computational infrastructure centered on automatic differentiation. The basic idea of
automatic differentiation is to decompose a function into a series of simple operations and then
use the chain rule to compute derivatives. Automatic differentiation is an efficient method for
evaluating the gradient of the complicated functional, with reverse-mode cost comparable to a
small constant number of objective evaluations; the absolute cost still depends on the tensor size.
Modern open-source machine learning libraries such as PyTorch [35] have already incorporated this
method, and it has been successfully applied in areas such as computational fluid dynamics [1].

In this paper, the objective changes when the boundary-data sample is cycled (see Remark 4.4);
after fixing all data it is deterministic. Furthermore, its parameter dimension is extremely high
(approximately 80,000 parameters in our numerical examples, see (4.12)). Hence, automatic dif-
ferentiation is employed to efficiently compute the gradient of J,, ¢(u; u?‘l) for each sample path.
This approach avoids the need for an explicit derivative calculation or the solution of a backward
stochastic partial differential equation. Our subsequent numerical experiments demonstrate the
efficiency and accuracy of this approach.

4.1 Generating the simulated data

Introduce the uniform mesh in (0,7) x G as
M = {(tkw%yy]) | ly = kTv Ty = 'tha Yj :jhy7 k€ [[OvM]]) 1€ [[O) Nx]]’ .] € [[OﬂNy]]}7

where hy = 1/N,, hy = 3/(2N,) and 7 = 1/M. Here, we use the notation [a,b] = [a,b] N N. We
choose M = 65 in Examples 4.1-4.2 and M = 60 in Examples 4.3-4.4, with N, = 32 and N, = 48.
These values are chosen such that Courant—Friedrichs-Lewy condition 7(1/h2 41/ hZ)l/ 2~ 0.696 <
1 for M =65 (and ~ 0.754 < 1 for M = 60) is satisfied. Thus, the computed solution obtained by
our scheme is stable.

Let ug; j = u(ty, xi,y;) for k € [0, M], i € [0, N;], j € [0, Ny]. The equation (4.1) is solved by
centred difference approximation for the Laplacian operator and explicit Euler-Maruyama method
for the time in the examples below, whose nonlinearities do not depend on w;. For a velocity-
dependent nonlinearity, the forward difference in (4.4) would make (4.3) implicit; that general case
is not asserted to be an explicit scheme here. For k € [1,M —1], i € [1, N, — 1], j € [1,N, — 1],
we solve the following equation:

[dugi i = [Wanlki T+ Wyylk,i i THF (e, Tis Yjs Uk gy [Uekigs YUk ) THa(te, T, yj)ug s j AW,
(4.3)
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where the increments AWy, = Wy — Wy, = /7 &, with independent & ~ N(0, 1), and

Uki1,j — 2Ukij + Uki—1,j

Uk ‘,‘72uk,.7‘+uk‘— 7.7A
[dugi g =~ = e P 5
T hZ
Ukyij4+1 — 2Ukij + Ui j—1 Uk,i+1,j = Uk,i,j Uk,i,j+1 — Uky,j g
[uyy]kﬂ’] — 5] h2717.7 2y . [vu]kﬂ"j — < 5T L;L 7Z7J’ 2y h al7j> ,
Y x y
Uit — Ui
[utlk,ij = % (4.4)
The initial value condition u(0) = ugp and u:(0) = 0 is given by
woij = uo(i,y5),  uiij = w0, @€ [0, Na], g € [0, Ny]. (4.5)
The boundary condition g )« = f* is given by
f*(tk717yj)7 kE [[OvM]L /L:Nx7 je [[07Ny]]7
f*(tk707yj)7 kE[[O,M]], ZZOJ ]€H07Ny]]7 (46)
Uk i = .
o (b i,0), k€ [0,M], i € [0,N,], j =0,
f*(tk7$173/2)7 ke [[OaM]]a Zel]:()?NCE]]? ]:Ny
After solving (4.3), the boundary data for % =g* on (0,T) x Ty is computed using
( P . .
R R ke o, M], i = Nay § € [0,N,],
xX
* Uk,i,5 — Uk,i+1,5 . .
g (tkyxzay]): h ; ke [[OvM]]7 Z*Oa J € [[OvNy]]a (47)
X
w ke [0,M], i €[0,N,], j =N,
y

Recalling Remark 4.1, we do not need to compute the boundary data for g—g on the lower boundary
{(2,0) |z €10,1]}.

Remark 4.2. Note that f* and g* actually depend on the sample point w. In the sequel, a total
of 8 sample paths for the forward equations were generated for each test.
4.2 Specifying the Tikhonov functional

To solve the inverse problem, we employ the Tikhonov regularization approach using the functional
defined in (3.2). The numerical implementation requires the following key components:
1. Discretization Scheme: The optimization variable is discretized as a three-dimensional tensor:

(Uk.i.j ) kef0,M] 5i€[0,Na],:€[0,N, ] (4.8)

representing the solution across temporal and spatial dimensions.
2. Noise Model: We introduce 10% multiplicative noise to the lateral Cauchy data:

f(tvxvy) = f*(t7$7y)(1 + 65(7571‘)3/))7
g(tvxvy) :g*(t,$,y)(1+(5§<t,$,y)), (49)

where £(t,z,y) is a random variable uniformly distributed in [—1, 1], which models uniformly dis-
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tributed measurement noise.

3. Discrete Assembly Space: For each measured-data sample b, define the affine map A, as
follows. Its free entries have the indices in (4.12). Copy their first time layer to & = 0. On the
two z boundaries and their adjacent strips (i = 0,1, N, — 1, N,), insert the measured Dirichlet
values and the one-sided Neumann reconstruction from (4.6) and (4.7), over the entire y range.
For 2 <4 < N, — 2, insert the y-boundary values at j = 0, N, and the upper Neumann strip at
Jj = N, — 1. This gives the x strips priority at intersections; no lower Neumann strip is imposed.
The assembly space used for that data sample is

(b) = {Apq : ¢ is a free tensor with the indices in (4.12)}.

The equality u1;; = ug; ; is imposed only on the free spatial nodes. Boundary and adjacent-strip
values retain their separately measured time layers. Thus this space does not impose every noisy
face constraint at intersections, or zero initial velocity on measured strips; those constraints are
generally incompatible for independently perturbed data. Below Up denotes the assembly space
for the current data sample.

Remark 4.3. Note that f* and ¢* depend on the sample point w of the forward equation (4.3).
In step 8 of Algorithm 1, inspired by stochastic gradient descent [36], we compute the gradient
corresponding to the Cauchy data f* and g* for each sample w of (4.3) in turn. For brevity, we do
not distinguish between the f* and g* generated by different sample paths here.

To compute the Tikhonov functional (3.2), we first discretize the operator P appearing in (3.2).
Observe that if ¢ satisfies

dpr — Apdt = &dt + apdW (t),

then it follows that

|,P30 I‘F(un” 27“(9 H(0,T;L2(G)))

_E/ /92 / = f(un))dsrddeE/oT/Ge?@—f(un)|2dxdt.

Motivated by this observation, we define a new Tikhonov functional

T
In (@3 up) :IE/ / 02|<I>f}"(un)|2dajdt+/€|cp|§{§0. (4.10)
0 G ’

By the arguments in the proof of Theorem 3.2, the minimizer of J,(;u,) also satisfies the con-
vergence result in Theorem 3.2. Hence, in the sequel, we consider the discrete form of (4.10) for
u = (uk,m') € Up:

M—1N,—1Ny—1

~ 2
Jn,f Uus; ug Z {ekz,j (I)k J0,J []:(Ug 1)]k,i,j)
k=1 i=1 j—1
K[HO]i,i,j (Ui” + [Ut]z,i] [Vul} i [uﬂﬂ]%z] + [“yy]i,z’,j

+ [Uwy]z” + [Utx]iu + [uty]k,i,j) }Thxhya (4.11)
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Figure 2: We adopt the setting of Example 4.1 with Ny = 3000, Ny = 3, and Ng = 100. The

luo—uglp2 (g

figure shows how the L? relative error decreases with the number of sample paths Ng.

luglL2 (e
In subsequent numerical tests, we set Ng = 30.

where

Orij = e>\(¢(a:i,yj)—c1t§)’ — 6>\¢(Zz‘7yj)’

[00]ki.5
Prij = {ldutlkij — ([Uzalkij + [Wyylrig)T — ki juri AWk} T,
[F ) Niig = Fte, zisys (W) gy [0 kg VU™ i)

Ukt 141 — Ukyitlj — Uk g1+ Uk

Ui i =
[ a:y] 0] hxhy ?
_ Uk41,i41,5 — Uk+1,i,5 — Ukit1,j + Ukyij
[ut:c]k,i,j = s
hoT

Uk41,i,5+1 — k414, — Ukij+1 + Ukyj
hyT '

[utylk,i; =

Other notations are defined in (4.4).
Using the assembly map above at each update, we optimize the functional (4.11) with respect
to the tensor

(Ukij)kel1, M], ic]2, No—2], jE[1, Ny—2]- (4.12)

At free spatial nodes only, the unknown initial layer is tied to the first free time layer by ug; ; = 11 ;;
it is not fixed to the unknown true source. The extra free row j = 1 reflects the absence of lower-
boundary Neumann data. We employ automatic differentiation techniques [35] to directly compute
the gradient of the discrete functional (4.11) with respect to the tensor (4.12). The recorded
implementation performs Ny = 12000 optimization updates in approximately 15 seconds on an
Apple M3 Pro; this runtime does not certify attainment of the exact minimum.

Remark 4.4. The Wiener increments AW} are sampled once for each outer sample and then
held fixed. Boundary-data samples are cycled during the inner updates. Conditional on all sam-
pled quantities and the previous iterate, each evaluated objective is a deterministic quadratic. In
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Algorithm 1, we perform Ng = 30 samples (see Figure 2).

4.3 Numerical examples

Remark 4.5 (Scope of the archived numerical illustrations). The forward formulas below have
been checked against the saved arrays; the optimization runs have not been repeated and their
historical source versions are not fully recorded. The saved data for Examples 4.1-4.2 correspond
to a = 1. In Examples 4.3-4.4, the forward data use a = xyt? in the enlarged physical domain,
which becomes (z + 2)(y + 3)t? after restriction and translation. In the available training entry
points, the case index is not passed to the loss function, so the inverse residual uses its defaults
Fiv(u,p) = V1 +u2 + |p| and ajny = 1. The truncated-exponential and xyt? branches exist in the
code but are not selected by those calls. Since the historical training versions were not frozen, the
archived results in Examples 4.2-4.4 are numerical illustrations with unresolved historical model
matching, not validation of the stated same-model inverse problem. The pathwise optimization
also does not establish equivalence with the adapted variational minimization in Theorem 3.2.

For all numerical experiments presented in this work, we employ the following set of optimized
hyperparameter: A = 0.2, ¢; = 0.25, K = 107%, Ng = 30, N; = 5, Ny = 12000, o = 0.01, $; = 0.9,
Bo =0.999 and € = 1078.

For the numerical experiments, the free entries are initialized to zero and assembled with the
first boundary-data sample. Only the free first layer is copied to ¢t = 0; measured boundary strips
keep their own time layers. The full initial iterate belongs to this assembly space and is generally
nonzero.

Write u" = Ng ! éV:Sl u, and let || - ||, denote the discrete spatial L? norm on the uniform
grid. The final reported relative error is the error of the averaged reconstruction,

Nt 0) — *
U ud || n
o — 110 ]
[[ugln

By contrast, panels (d) average the individual relative errors over samples at each update step
and show their minimum-maximum range; their mean is Epaghs = Ng* Zé\fzsl |ue(0) — whlln/|luglln-

These two statistics need not agree. The archived panels (e) use the signed diagnostic

Dn = max [ﬂn+1(07 Ty, y]) - ﬂn(ov Ly, y])] )
Z7‘7

computed after averaging the samples and without taking absolute values. This is not a norm of
the consecutive difference.

Example 4.1. Let F(u,us, Vu) = V1 + u? + |Vu|, a = 1 and the true source function

ul = 10er@w?-1 r(z,y) <1,

0, r(z,y) 2 1,

where 1\ 1 2
r(x,y)zl(i[(x—2> +§(y—1) }

The boundary conditions for the forward equation are given by f* = ué‘r. The lateral Cauchy
data, namely f and g, are obtained from (4.6), (4.7) and (4.9). The numerical result is presented
in Figure 3.
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Figure 3: The numerical results for Example 4.1. The computed source function ug is very close to
the true source function u$. The relative difference is small, and the L? relative error is 2.1%.

From Figures 3a and 3b, it is evident that the source function wj is very well recovered, and
from Figure 3c one can observe that the relatively large differences occur along the boundary of the
initial condition. The final L? relative error is 2.1%. From Figure 3d, it can be seen that the L2
relative error remains largely unchanged for different sample paths. Panel (e) records a decrease
of the signed diagnostic D,. Since this quantity is not a norm and permits cancellation across
samples, its decrease alone does not establish stabilization or validate Theorem 3.2.

Example 4.2. Let F(u,us, Vu) = min{e* + |Vu|,10}, a = 1 and the true source function
ug = sin(27(x 4 y)) + sin(4r(z — y))

The boundary conditions for the forward equation are given by f* = ug ‘F. The lateral Cauchy data
f and g are obtained from (4.6), (4.7) and (4.9). The numerical result is presented in Figure 4.
This nonlinearity is globally Lipschitz: |F(u,p) — F(v,q)| < 10ju —v| + |p — g|. The truncation
caps the exponential derivative. Figures 4a and 4b show that the source function wj is accurately
recovered, with a final L? relative error of 6%. The forward nonlinearity lies in the globally Lipschitz
class of Condition 1.1; the scope remark above explains why this archived reconstruction does not
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Figure 4: The numerical results for Example 4.2. The computed source function ug approximates
the true source function wu( well in this archived run, whose forward data use the truncated expo-
nential nonlinearity F. The relative difference is small, and the L? relative error is 6%.

verify the corresponding same-model theorem. Moreover, as illustrated in Figure 4d, the L? relative
error stays largely consistent across different sample paths.

Example 4.3. Let F(u,u;, Vu) = V1 +u? + |[Vu|, a = zyt? in the physical coordinates of the

forward domain and
14 7
— — |4y — = 1
o= 3} <

7 ’ 2—1—( 4)% < ! or max< 16
T — = — — X
ug ’ 3 Y 40

Letting G = (0,5) x (0,7.5), N, = 160 and ]\ny = 240, we solve (4.3) in G. The boundary conditions
for the forward equation are given by f* = ﬁ{g! o The true source function is given by ug restricted
to [2,3] x [3,4.5] and translated by (x,y) — (x — 2,y — 3) . The lateral Cauchy data f and g are
also obtained from the restricted true solution function @*. In this case, both f and g are stochastic
processes as well, which further complicates the problem. The archived numerical demonstration,
with the model-mismatch qualification stated above, is presented in Figure 5.
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Figure 5: The numerical results for Example 4.3. The computed source function ug closely approx-
imates the true source function ug. Despite both f and g being stochastic processes, which further
complicates the problem, the relative difference remains minimal and the L? relative error is 17.9%.

Figures 5a and 5b show that the source function wj is accurately recovered, with a final L? rela-
tive error of 17.9%. Since both f and g are stochastic processes in this case, additional randomness
is introduced into the problem. As can be seen from Figure 5d, although the L? relative errors vary
for different sample paths, the averaged error remains stable.

Example 4.4. Let F(u,us;, Vu) = V1 +u? + |Vu|, a = zyt? in the physical coordinates of the
forward domain and
7 - 1
Y73l 75

5)° 7\? 1

o = 7, (x—2> +<y—2) <§and max{
0, others.

Letting G = (0,5) x (0,7.5), N, = 160 and Ny = 240, we solve (4.3) in G. The boundary conditions

for the forward equation are given by f* = ug|,5. The true source function is given by ug restricted
to [2, 3] x [3,4.5] and translated by (z,y) — (z —2,y—3). The lateral Cauchy data f and g are also
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Figure 6: The numerical results for Example 4.4. The computed source function wug closely ap-
proximates the true source function ug. In this case, both f and g are stochastic processes, which
further complicates the problem. The relative difference remains minimal and the L? relative error
is 20.7%.

obtained from the restricted true solution function w*. In this case, both f and g are stochastic
processes as well, which further complicate the problem. The archived numerical demonstration,
with the model-mismatch qualification stated above, is presented in Figure 6.

Figures 6a and 6b show that the source function wug is accurately recovered, with a final L?
relative error of 20.7%. Although the stochastic nature of f and g introduces additional randomness,
and the absence of normal derivative information on the lower boundary (with final time 7" = 1)
makes the reconstruction in the lower portion less accurate than in the upper part, the overall
recovery remains robust. Moreover, as seen in Figure 6¢, the regions with relatively larger error
occur at the boundary of the source function, while errors elsewhere are very small. Finally,
Figure 6d indicates that although the L? relative errors vary across different sample paths, the
averaged error remains stable.
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5 Concluding remarks

In this paper, we have proposed a new approach for solving inverse source problems for semi-
linear stochastic hyperbolic equations. Our method combines fixed-point iteration and Carleman
estimates to obtain a regularized error bound from any admissible initial guess. To address the
challenges arose by the stochastic nature of the equations, such as the non-differentiability of Brow-
nian motion sample paths and the lack of compactness in the solution space, we redesigned the
Tikhonov functional and developed a new Carleman estimate suitable for stochastic hyperbolic
equations.

The theoretical error bound in Theorem 3.2 contains a Hoélder-type noise term and a regu-
larization bias. With fixed &, it does not assert convergence to the exact source. The archived
numerical illustrations show reconstruction behavior with partial boundary observations, subject
to the model and implementation qualifications in the numerical section. Figure 1 compares the
recorded optimizers under the implemented sample cycling. It gives no general conclusion about
conjugate gradient for the fixed deterministic quadratic objective.

The results of this paper have potential applications in various fields where wave phenomena
are affected by randomness and uncertainty perturbations. For instance, in ocean wave forecasting,
one can reconstruct the wave field from ship motion and sea surface observation data; see [39].
In astrophysics and helioseismology, as motivated by the SOHO project [13], one can reconstruct
the internal structure of stars or planets from surface observations under random perturbations.
These examples illustrate the potential applicability of our method for inverse source problems in
stochastic hyperbolic equations across various scientific and engineering disciplines.

Future work may include extending the approach to more general classes of stochastic partial
differential equations and improving computational efficiency.
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