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Abstract

The construction of loss functions presents a major challenge in data-driven modeling involv-
ing weak-form operators in PDEs and gradient flows, particularly due to the need to select
test functions appropriately. We address this challenge by introducing self-test loss functions,
which employ test functions that depend on the unknown parameters, specifically for cases
where the operator depends linearly on the unknowns. The proposed self-test loss function
conserves energy for gradient flows and coincides with the expected log-likelihood ratio for
stochastic differential equations. Importantly, it is quadratic, facilitating theoretical analysis
of identifiability and well-posedness of the inverse problem, while also leading to efficient
parametric or nonparametric regression algorithms. It is computationally simple, requiring
only low-order derivatives or even being entirely derivative-free, and numerical experiments
demonstrate its robustness against noisy and discrete data.
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1 Introduction

Learning governing equations from data is a fundamental task in many areas of science
and engineering, such as physics, biology, and geosciences [6, 14, 15, 25, 35, 37, 41]. The
governing equations allow us to model complex systems, predict future behavior, and develop
effective control strategies. They are often in the form of partial differential equations (PDEs),
such as gradient flows [3, 11, 12, 19] and diffusion models [4, 13, 18, 30, 42, 46]. To learn
these equations, it is necessary to use data to approximate the differential operators. However,
real-world data is often noisy and discrete, leading to large errors in derivative approximations
and unreliable estimators when using strong-form equations.

Weak-form equations provide a more versatile framework. By using smooth test functions
with integration by parts, weak forms use lower-order differential operators, thereby offering
improved robustness to noisy and discrete data [10, 13, 21, 31, 32, 43, 48].

However, constructing loss functions for variational inference of weak-form equations
poses a major challenge. This difficulty arises because the weak form requires test functions
to be dense in the dual space, typically an infinite-dimensional function space. In classical
approaches, test functions are often chosen to be smooth and compactly supported, with
Galerkin basis functions being a prominent example [32]. These methods are often limited
to low-dimensional problems and are not scalable to high-dimensional settings, such as the
Wasserstein gradient flows of probability measures in high-dimensional spaces. Importantly,
since universal test functions are agnostic to the data and the model, it is necessary to use a
large set of such test functions to ensure that all relevant information from the data is captured,
which often leads to redundancy and computational inefficiency.

We address this challenge by introducing self-test loss functions for cases where the
operator depends linearly on the (function-valued) parameter. The key idea is to employ
test functions that depend on the unknown parameter itself and the data, which we call self-
testing functions. Such test functions are automatically determined by the operator and the
data. Thus, they automate the construction of the loss function.

The proposed loss function is suitable for various weak-form operators, including the high-
dimensional gradient flows and diffusion models. In particular, the self-test loss function
is quadratic. It facilitates theoretical analysis of identifiability and well-posedness of the
inverse problem. It also enables efficient parametric and nonparametric regression algorithms.
It is computationally simple, requiring only low-order derivatives or even being entirely
derivative-free. Our numerical experiments demonstrate its robustness against noisy and
discrete data.

1.1 Problem Settings and Main Results

Consider the problem of estimating the (function-valued) parameter ¢ in the operator Ry :
X — Y in the weak-form equation:

Rylul=f <& (Rplul,v) =(f,v), Vv e Y* (1.1)
from data consisting of noisy discrete observations of input-output pairs:
D = {(u, fey- (1.2)

Here, X, Y are metric spaces, Y* is the dual space of Y, and (-, -) means the dual pair
between Y and Y*. The operator Ry : X — Y can be either linear or nonlinear. Depending
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on the operators, the data can be the functions at discrete spatial-time meshes or empirical
distributions of samples; see (1.6), (1.9) and (1.11) below.
We assume that the operator Rs[u] depends linearly on ¢ when u is fixed, that is,

Rag+pg (U] = a Ry, [u] + BRy,[ul, (1.3)

for any «, B € R and any function ¢ and ¢, such that the operator is well-defined. We
assume no prior knowledge of ¢, except that the operator Ry[u] is well-defined.

To construct a loss function using the weak form equation, we introduce self-testing
functions vg[u] € Y* defined from Ry and u so that, for all ¢, v,

(Ryplul, vylul) = (Ry[ul, vplul) (symmetry), (Ry[ul, vyplu]) > 0 (positivity). (1.4)

The self-test loss function is

L

1
Ep(@) = 7 D _(Ryluil. vglurl) = 201, vglur]) + Co,
=1

where Cy is an arbitrary constant.

We demonstrate the self-test loss function in three settings involving function-valued
parameters: Wasserstein gradient flows, a weak-form elliptic operator, and interacting particle
systems with sequential ensembles of unlabeled data. Among these, Example 1 serves as a
running example throughout the paper.

Example 1 (Wasserstein gradient flow) Estimate ¢ = (h, ®, V') in the Wasserstein gradient
flow
u=V-Vh'u)+®*u+ V] = Rylul, (1.5)

where /1 : R — R is the diffusion rate function, ® : RY — R is the pairwise interaction
potential satisfying ®(—x) = ®(x), and V : R — R is an external potential acting on each
particle. The data consists of discrete noisy observations of solutions on a mesh {x; },N: 1 C R4:

Dy = (Gl Ly, () = uxi. 0) + €, (1.6)

where {¢; ;} are noises or measurement errors. The self-testing function is vg[u] = vh'(u) +
@ *x u + V, and the self-test loss function is

T
@) = %/ /d [ul VIV () + ®*u+ V1> = 28,u[vh () + ®*u+ V]]|dxdt, (1.7)
0 R

see Section 2.2 for a derivation and Section 4 for an analysis on identifiability and
well-posedness of the inverse problem. One can construct an empirical loss function by
approximating the integrals in (1.7) using data D;.

Example 2 (Weak-form operator) Estimate the coefficient a : R? — R in the PDE:
Ry[u]l := —Aau) = f (1.8)
from data consisting of discrete noisy observations on the spatial mesh {x; }lN: 1 C RY:
Dy = {(u (i), fie)}ihy (1.9)

The self-testing function is v, [u] = au; see Section 2.3. Note that this inverse problem is
different from the inverse conductivity problem (see e.g., [18]), where the goal is to estimate
ainV - (aVu) = 0in Q when given only “|as2 =f.
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Example 3 (Sequential ensembles of unlabeled data) Estimate the potentials @, V : RY — R
in the differential equation of N-interacting particles,

N

d _. . 1 . <

EX;:—[VV(X;)—FNE Vo(X; —X)], 1<i<N (1.10)
—~

from data consisting of M independent sequences of ensembles of unlabeled particles
Dy = (X" 1 <ip < N)E (1.11)

Since the particles are unlabeled, there is no information on their trajectories. Thus, the
classical methods based on the derivatives %X ;, see e.g., [27-29], are no longer applicable.
We construct a loss function based on the weak-form equation of the empirical measures
un(x,t) = % ZlNzl ’Sx;' (x), and the self-testing function is vgp[uy] = © * uy + V;
see Section 2.4. Additionally, we demonstrate numerical estimation using neural network
approximation in Section 5.3.

Key features of the self-test loss function. The quadratic self-test loss function conserves
energy for gradient flows, aligns with the expected log-likelihood ratio for stochastic dif-
ferential equations, facilitates theoretical analysis of identifiability and well-posedness, and
leads to efficient parametric or nonparametric regression algorithms.

— Itaims to match the energy dissipation for the Wasserstein gradient flow, and its minimizer
conserves the energy of the data flow; see Theorem 3.2. The self-testing functions are
the first variation of the free energy. Also, for the weak-form Fokker-Planck equation
of the McKean-Vlasov stochastic differential equation (SDE), the self-test loss function
coincides with the expectation of the negative log-likelihood ratio (see Theorem 3.3). As
a result, a minimizer of the self-test loss function maximizes the expected likelihood.

— Importantly, the loss function is quadratic since both Ry[u] and vy [u] are linear in ¢. It
facilitates the analysis on identifiability and well-posedness of the inverse problem based
on the Hessian of the loss function. We demonstrate such an analysis for learning the
diffusion rate function and the potentials in the Wasserstein gradient flow in Section 4.

— It also leads to computationally efficient parametric or nonparametric regression algo-
rithms, using either least-squares or neural network regression. We demonstrate its
robustness against noisy and discrete data in parametric and nonparametric estimations
in Section 5.

1.2 Related Work

Weak formulations offer a robust and flexible foundation for addressing both forward and
inverse PDE problems, and have thus attracted growing attention in recent years.

General forward and inverse problems using weak-form. For forward problems, machine
learning methods rooted in variational principles include the Deep Ritz method [9], the Deep
Galerkin method [40], variational physics-informed neural networks [7, 21, 22], and physics-
informed graph neural Galerkin networks [10], among others. For inverse PDE problems, we
refer to [18] and [13] for comprehensive overviews. In classical inverse settings, where data
are often limited to boundary measurements (e.g., in the inverse conductivity problem) or
spectral information (e.g., in inverse spectral problems), one must estimate both the solution
and the unknown parameters simultaneously. Recent approaches, such as weak adversarial
networks [2] and physics-informed graph neural Galerkin networks [10], use weak form
equations to address these classical difficulties.
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Table 1 Notations

Notations Description

Ryl-l, vyl Operators Ry[-]: X — Y, wvg[]: X — YV*

) (Function-valued) parameter to be estimated from data

(f,v), (9@ Dual operation with f € Y, v € Y*; inner product in H

EC) Ep(-) R-valued loss function and energy function

P (RY) The space of probability measures with finite second moments

In contrast, our setting considers data consisting of PDE solutions sampled on discrete

spatial grids or approximated by empirical measures, and the task is to estimate the PDE
parameters. On the other hand, our self-test loss function can be applied to these methods,
providing a systematic way to construct loss functions based on weak-form equations.
Regression based on weak-form. Weak-form methods for parameter estimation have been
widely explored in sparse regression frameworks, including Weak-SINDy [31-33], Weak-
PDE-LEARN [43], and other weak-form-based data-driven modeling approaches [4, 13, 36,
37, 41]. These methods rely on carefully designed families of smooth, compactly supported
test functions that must be tailored to the data, domain, and PDE structure, a task that becomes
increasingly challenging and computationally demanding in high dimensions. In contrast, the
self-test loss function proposed in this work removes the need for such hand-crafted test sets
by constructing test functions directly from the operator and the data in a canonical way.
Moreover, it can be seamlessly integrated into the Weak SINDy framework: one may include
the self-test function as an additional test function or augment the Weak SINDy loss with the
self-test term, thereby combining SINDy’s sparsity-promoting structure with the robustness
and adaptivity of the self-test formulation.
Energy variational approaches and gradient flow inference. Our framework is closely
related to energy variational approaches [17, 30, 45] and gradient flow inference [4, 23].
The energy-dissipation-based loss [30, 45] shares conceptual similarities with the self-test
loss function, aiming to preserve energy structures observed in the data. In particular, both
approaches accommodate PDEs or stochastic differential equations for generalized diffusions
and gradient flows, and can handle data defined on spatial grids or represented by particle
samples. Furthermore, in the context of gradient flow inference, the self-test loss aligns with
likelihood-based loss functions [23] and the quadratic loss [4]. By casting these methods into a
unified variational inference framework, the self-test loss function extends their applicability
beyond energy-dissipating systems to general weak formulations.

The rest of the paper is organized as follows. Section 2 defines the framework of the self-
test loss functions and provides examples. In Section 3, we show that for general gradient
flow, the self-test loss function’s minimizers conserve the energy. We also connect it with
the likelihood of SDEs. In Section 4, we study the identifiability and well-posedness of
the diffusion rate function and the potentials in aggregation-diffusion equations. We present
numerical experiments in Section 5 and conclude in Section 6.

Notation Throughout the paper, we denote the true parameter by ¢, and observational data

by f. We abuse the notation u#, which may represent either a function u(x) or u(x, t) for a
given ¢, as long as the context is clear. Table 1 lists the notations.
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2 Self-Test Loss Functions

We first formulate the self-test loss function within a general weak-form operator learning
setting that includes both weak-form PDEs and gradient flows. The formulation is then
illustrated through the running examples. For clarity, we derive the loss functions under the
assumption of continuous noiseless data, before discussing how they are approximated from
discrete, noisy measurements in practice.

2.1 Weak-Form Operator Learning

The main idea behind the self-test loss function is to guide the minimization in the direction
that explores the unknown parameter the most. Thus, we use the parameter to construct test
functions.

Definition 1 (Self-test loss function) Consider the problems of estimating ¢ in the operator
equation (1.1) from the dataset in (1.2), where the operator Ry[u] is linear in ¢. We call
vglu] € Y* a self-testing function if it satisfies the self-testing properties:

Symmetry: (Rplul, vy [ul) = (Ry[ul, vglul),
Positivity: (Rylul, vplul) = 0, 2.1
Linearity: vy [u] = vglu] + vy [u],

for any ¢, v such that these operations are well-defined for all u € {u;}le. We call

L

Ep(9) = Y (Rplurl, volurl) = 2( fi, vplu]) + Co (2.2)
=1

a self-test loss function, where Cy is an arbitrary constant.

The self-test loss function has three appealing properties. First, it is guadratic in the
unknown parameter ¢. Thus, it is convex, and its minimizers can be computed using the broad
class of regression techniques. Also, the uniqueness of the minimizer can be established in a
proper function space, as well as the well-posedness of the inverse problem; see Section 4.
Second, it employs the weak form operator, which requires either a low-order derivative or
no derivatives of u, thereby avoiding numerical errors when approximating derivatives from
noisy discrete data. Lastly, in applications with probability gradient flow, it is particularly
suitable for high-dimensional systems with ensemble data consisting of particle samples, as
the loss function can be written as a combination of expectations; see Sections 2.4 and 3.2.

Two major tasks in the construction of the self-test loss function are (i) to find the self-
testing function vg[u], and (ii) to select a proper parameter space for the minimization.
Fortunately, the linearity of Ry[u] in ¢ and the self-testing properties (2.1) provide clear
clues on constructing vg[u]. As examples, we explore such self-testing functions for weak-
form PDEs and gradient flows in Sections 2.2-2.3. Meanwhile, the loss function indicates
adaptive function spaces for the parameter, which we explore in Section 4.

The next proposition shows that any minimizer of the self-test loss function satisfies the
weak-form equation when tested against all admissible self-testing functions.

Proposition 1 (Minimizer of the self-test loss function.) Let u; be a weak solution to
Ry, [u] = fi for each 1 < | < L. The self-test loss function in (2.2) with Cy =
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Zle (Rg, [url, vy, [url) can be written as

L

Ep(@) =) (Ryp,lurl, vpg,lu]) (2.3)

=1

and it has ¢, as a minimizer. In particular, ¢, is the unique minimizer in a linear space H
if and only if there exists | € {1, ..., L} such that (Ry[u;], vglu;]) > O for every nonzero
¢ € H. Also, any minimizer ¢g of the self-test loss function is a solution to the equation

L
D (Rgolwr] = fi, vylur]) =0, (2.4)
=1
for all r such that Zle (Ry [ur], vy [u1]) < oo.

Proof Given the above Cy, Eq.(2.3) follows from

Mh

Ep(d) =) [(Relur], vglurl) — 2(f1, vplul) + (R, [ur], vg, [us])]

N
Il

1

Mh

(Rp—g¢, [u1], vp—p, [url),

N
Il

1

where the last equality follows from the facts that Ry[u] and vy[u] are linear in ¢, and
that (Ry[u;], vg[u;]) = (Ry, [ui], vpluil) = (fi, vyplu;]). Then, ¢, is a minimizer by the
positivity property. Also, this equation implies that the uniqueness of the minimizer in the
linear space H is equivalent to the strict positivity of % ZZLZI(R(z,[ul], vglu]) for every
nonzero ¢ € H. Thus, ¢, is the unique minimizer in M iff there exists [ € {1, ..., L} such
that (Ry[u;], vy[u;]) > O for every nonzero ¢ € H.

Lastly, since ¢ is a minimizer of the loss function, we have, for any ¥ s.t. Ep(¢o+€¥) <
0,

L

Eoo +e)) ~EpBy) _ 3

€

d
0= Egp(¢0+el/f) =€li_1310 (R lurl = f1, vy lul),

=1

and it gives Eq.(2.4). O

2.2 Example: Wasserstein Gradient Flow

We consider first the estimation of function-valued parameters in the Wasserstein gradient
flow in (1.5) from data in Example 1. Here the diffusion constant can be either v > 0 or
v = 0, and the diffusion rate function & : R — R satisfies that r — r?h(r—9) is convex
non-increasing. Examples of such % include

1
gt = s om= @.5)
slogs, m=1,

h(s):sm_1

where we use the convention ﬁ ,o’”_1 = log p whenm = 1. In particular, whenm = 1, we

have /(u) = 1 +logu and V - (uVh'(u)) = V- [uV(1 +logu)] = Au, and (1.5) becomes
du=vAu—+V-uV[V+®xul), xecRr>0. (2.6)
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This is the mean-field equation for the large N limit of the interacting particle system,
1 & :
dxi=-[vv(xH + 5 > Vo(xi — X))]dt + V2vdWi. 1<i <N, 2.7)
j=1

where (Wt")lfii v are R9-valued independent Brownian motions, and (X6)15i5 N are inde-
pendent samples of distribution u(-, 0); see e.g., [19, 20].

Self-test loss function for estimating (%2, ®, V). The task is to estimate the parameter ¢p =
(h, @, V) in the operator Rg[u] in (1.5). Its self-testing function is

vplul :=vh' (u) + ®xu+V. (2.8)

It is direct to verify the self-testing properties in (2.1): clearly, the symmetry and linearity
hold; the positivity holds since by integration by parts, (Ry[u], vslul) = fRd u|V[vh'(u) +
O xu+ V)]|2dx > 0, for all ¢ such that (Ry[u], vs[ul) is well-defined.

Hence, the self-test loss function for data (u(z,x) : ¢ € [0,T],x € R9) is (1.7). Its
minimizer matches the energy dissipation of the gradient flow, which we explore in Section 3.
Self-test loss function for estimating (®, V). Assume that ®(—x) = ®(x). Consider the
problem of estimating (P, V') in the mean-field equation (2.6), i.e., estimating the parameter
¢ = (P, V) in the (weak-form) operator Ry[u] = —V - [uV(® * u + V)]. The self-testing
function is vg[u] = ® *u + V, and (Ry[u], vy[ul]) = fRd u|lVo xu + VVlzdx. Thus, the
self-test loss function is

1 T
E(D, V) = ?/ / [ul VD 5 u+VVI* —20u — vAu) (P *u + V)] dx dt.
0 R4

1 T
=?/ / [uIV® % u+ VV|* +20u(A® *u + AV)]dx dt
0 R4

— % /d [u(T, )P xu(T,x)/24+ V(x)] —u, x)[P*xu0,x)/2 + V(x)]]dx,
R
2.9

where the last equality follows from integration by parts and ® (—x) = ®(x).
In practice, when the data is discrete, as in (1.6), we approximate the integrals in (2.9)
using numerical methods, such as Riemann sums.

2.3 Example: Elliptic Diffusion Operators

To estimate @ : R? — R in Example 2, we have R,[u] = —A(au) : C}(RY) — Y. Here
Y is a Banach space such that BV* C Y and Y* C BV, where BV denotes the space of
functions with bounded variation. The self-testing function is v,[u] = au € C cl (]Rd ), whose
self-testing properties follow directly, in particular, (R,[u], vq[u]) = — fRd Aau)audx =
f]Rd |V(au)|*dx > O foralla € C Cl (RY). Hence, the self-test loss function for a single data
pair (u, f)is

Ew, (@) = (Ra[u]l =2f, va[u]) = /RLI[IV(W)I2 —2fauldx. (2.10)
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Approximating the integrals by Riemann sums with the data in (1.9), we obtain an empirical
self-test loss function

~

1

1 L s
€py(a) =+ > Ew @) = NI [V (@) P = 2 fi(xida(xi)ur ()] |Ax; .
=1 il=

—_

2.4 Example: Sequential Ensembles of Unlabeled Data

To estimate the potentials from sequential ensembles of unlabeled data (X i;’(m), 1<i; <N)
in Example 3, we consider the empirical measures of the data

N
1
(m) _ _
My (X, 1) = N iZ;(SX:II,(M) (x).
1=

We construct a self-test loss function using the fact that the empirical measure py (x, 1) :=
% Z,N=1 5X{ (x) with (X}, 1 <i < N) satisfying (1.10) is a weak solution to equation

iy =V - (uNVIV + @k unl), pn(. 1) € PrRY, 1> 0. (2.11)
In other words, for any function v € C 2(Rd ),
(@, v) = (V- (un (VO % iy 4+ V), v) = — (un (VP uy + V), V),

where the second equality follows from integration by parts. In fact, the above equation holds
by the chain rule with the differential equation (1.10):

N N

1 d .. 1 dXx! ;
Oy, v) = - Y To(Xp) = 3 - Vu(X))

i=1 i=1

N N
1 1 . , : A
=5 > 5 Y VoXi — X))+ VV XD | - Vuxh)
i=1 j=1

=—(uN(V® * uy + V), Vv)
and by noticing that V® * uy (x) = % Z;V:l Vo(x — X)).
Thus, we consider the weak-form operator Ry[u] = —V - [uV (P * u + V)] with output
f = 0;u. The self-testing function is vy[u] = ®*u + V, and (Rg[u], vylul) = f]Rd u|Vo x
u 4+ VV|2dx. Then, the self-test loss function is (2.9) with v = 0. Using the data-induced
empirical measures {/LX,”)(~, 1)}, we have a self-test loss function

2

L.N.M N

1 A 1 . . .

Epy(@.V) = o 3 | Ve =X ) 1 v )| di
1,im=1 j=1
5 N [N g2
1 () i.(m)
- o™ - x/ " +vxp™y || . @12
LMN i,m=1 N j=1

1

Note that this empirical loss function does not use the trajectory information of any single
particle, and it uses exactly the ensemble data of unlabeled particles. We demonstrate the
application of this loss function in Section 5.3.
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Remark 1 Eq.(2.11)is the same as (1.5) with v = 0 and the empirical measures (uy (-, 1), ¢ >
0) form a Wasserstein gradient flow on P, (RY). However, it is not the Liouville equation of
the ODE in (1.10), since the Liouville equation governs the evolution of the joint distribution
on RV Similarly, the mean-field equation in (2.6) is not the Fokker-Planck equation of the
SDE in (2.7), but we can use it to derive the same self-test loss function for the SDE with
sequential ensembles of unlabeled data Ds.

3 Connection with Energy Conservation and Likelihood

This section connects the self-test loss to two fundamental principles: the energy conserva-
tion law of gradient flows and the maximal likelihood principle for inference in stochastic
differential equations (SDEs). We show that the self-test loss is designed to match the energy
dissipation of a gradient flow, and that its minimizer satisfies the corresponding energy
conservation law for the observed data. Moreover, the first variation of the free energy natu-
rally yields a self-testing function. These results are illustrated through the Wasserstein and
parabolic gradient flow examples. Finally, we show that, for SDEs, the self-test loss coincides
with the expected negative log-likelihood ratio.

3.1 Matching Energy Dissipation for Gradient Flow

We first define the self-test loss function for a generic gradient flow whose free energy depends
linearly on the parameter.
Consider the estimation of the function-valued parameter ¢ in the free energy Ey : M —

R, where M is a metric space, from a gradient flow path u(o, 7] := (u(z,-),t € [0, T]) C M.
Here, the gradient flow satisfies the equation
SEy

Su’
where o,u € T,M, A, : T;M — T,M is a nonnegative definite operator from the cotangent
plane 7,°M to the tangent plane 7, M, and % € T,M is the Fréchet derivative (also called
the first variation) of the free energy. Its weak form reads

du = —Ay (3.1

SE
(0ru, g) + <AuT¢» g> =0, VgeT, M,
u

where (-, -) is the dual pair on 7,,M x T, M.
We define a self-test loss function for estimating ¢ by connecting the gradient flow with
the weak form operator Ry in (1.1) and its self-testing function vy [u] as follows:

R[]—A(SE(P []_8E¢
U= Bumg = Voltl =0 =

The following assumptions on the gradient flow ensure the self-testing properties in (2.1).

(3.2)

Assumption 3.1 Assume the gradient flow in (3.1) satisfies the following properties.

(i) The operator A, is linear, nonnegative definite, and symmetric: V&, n € T,"M,
linear: AyE+n)=A,E+ Ay
symmetric: (A€, n) = (&, Aun); 3.3)
nonnegative definite: (A€, E) > 0.
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Here (-, -) are dual pair on 7,,M x T, M.

(ii) The free energy E4 depends on ¢ linearly. Consequently, Saﬂ is also linear in ¢, i.e.,

BEfuﬂ” = 55E 0 SE‘” for all ¢, ¥ such that the energy function is well-defined.

Definition 2 (Self-test loss function for gradient flow) Consider the problem of estimating
¢ in the gradient flow (3.1) satisfying Assumption 3.1.

Given continuous time data ujo, 7} := (u(t, -), t € [0, T']), a self-test loss function is
T'| SEy SEg
Eupo.ry (@) = 2[E (T, -)) — Eg (0, -)] + Au877 Su dr. (34)
0

The next theorem shows that the self-test loss function has the true parameter ¢, as a
minimizer, and that its minimizer satisfies energy conservation for the data flow. We postpone
its proof to Appendix A.1.

Theorem 3.2 (Minimizer of the loss function) The minimizer of the loss function &, ()
in (3.4) of Definition 2 satisfies the following properties.

(a) The true parameter ¢y is a minimizer and Ey, 1, () = — fo ( u Bglf* , 8?5* ) dr.
(b) Uniquenss. The minimizer is unique in a linear parameter space 'H if
T
SEy SE
/ Ap =l 22PN G50, Vo eH, ¢ £0. (3.5)
0 814 Su

(c) Energy conservation. A minimizer ¢o of Eyy, 1, (P) satisfies the energy conservation for
the data ujo, 1. That is, the energy change Eg,[u(T, )] — Eg,[u(0, -)] matches the total

energy dissipation — fOT (A, 5?30 , 5E‘7’° ) dt along the flow ujo,7):
_ _ ’ §Eg, SEg,
Epo[u(T, )] — Ey[u(0,)] = Au— %o = =) di. (3.6)
0 u Su

Example: the Wasserstein gradient flow. We show first that the Wasserstein gradient flow
in Eq.(1.5) satisfies Assumption 3.1; thus, its self-test loss function in (2.2) aims to match
the energy dissipation in the data.

Let M := (P,(R%), W>) be the space of probability measures with finite second moments
endowed with the Wasserstein-2 metric Wz Recall that for any convex functional E (1) over
M, the gradient is VWM EW) = -V (uV ) where V is the gradient with respect to x (see
e.g., [3, 44]). Then, a gradient flow in M i 1s

SE

qu=-VME=v. (uV
Su

SE
) —Aua— with A, & == —V - (uV§). (3.7
u
Clearly, the operator A, : T,/ M — T,M is linear, non-negative definite and symmetric, i.e.,
it satisfies Assumption 3.1(i).
To connect with Eq.(1.5), consider the free energy with parameter ¢ = (h, ®, V):

Ey(u) :v/h(u)+ %//é(x —y)u(x)u(y)dxdy—l—/V(x)u(x)dx.

Here, the first term is called entropy (named when h(s) = slogs) or internal energy in
general, and the second and third terms are called interaction energy and potential energy.
Since @ (x) = ®(—x), the Fréchet derivative of this energy function is

Ee

1)
ST vh (u) + ®xu+V. (3.8)
u
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Then, the W;-gradient flow equation (3.7) becomes Eq.(1.5).

In particular, note that both E4 and its derivative % in (3.8) are linear in ¢. In other
words, Assumption 3.1(ii) holds. Thus, we can define the self-test loss function in (3.4).
Meanwhile, note that the above 85% is exactly the self-testing function vg[u] in (2.8). Thus,
this self-test loss function agrees with the one in (1.7).

Thus, by Theorem 3.2, the self-test loss function has ¢, as a minimizer, and any of its
minimizers matches the energy conservation for the data flow.

Example: the parabolic gradient flow. Consider next estimating the coefficient a(x) from

data ujo, ) of the parabolic (or H ') gradient flow

du = Ala()u), xeT, (3.9)
where T is the d-dimensional torus. It is a H~! gradient flow of the free energy Eg (i) :=
%fa(x)u2 dx since VA 'E = —A‘S;i“ and 85” = au. In other words, Eq.(3.9) can be
written as

a

g1 SE,
oru = —V E=—-A,
Su

with A& = —AE.

Clearly, Assumption 3.1 holds since (i) the A, : H' — H~! is linear, nonnegative definite
and symmetric, and (ii) the energy function E, and its derivative 5{54‘1 are linear in a. Thus,
by (3.4) with integration by parts, the self-test loss function is

T
a,wﬂ(a)=/ [u(T,x))2—u(O,x))z]a(x)dx—i—/ / |V (au)|? dx dr.
' Td 0 Jrd

It is the time-integrated version of the loss function (2.10) with f = 9,u for Example 2.

3.2 Expected Likelihood Ratio of the McKean-Vlasov SDE

Next, we show that for the McKean-Vlasov SDE, the self-test loss function of its Fokker-
Planck equation coincides with the expectation of the negative log-likelihood ratio (see
Appendix A.1 for its proof).

Theorem 3.3 Consider the problem of estimating the potentials Vi, @5 : RY — R in the
McKean-Viasov SDE

dX;, = — V[V(X,) + &, xu(X,;, t)1dt + v/2vdB;,

(3.10)

u(x,r) :E[‘SY, x)].
Suppose that the dgta isup,ry := (u(t,x),t €[0,T],x € Rd), where u(t, -) is the probabil-
ity distribution of X;. Then, the self-test loss function in (2.9) for the weak form Fokker-Planck
equation in (2.6) is the expectation of the negative log-likelihood ratio Ex _ (®, V) of the

path Xo,r), i-e., Eup (D, V) = FE[Ex, (P, V)]

[0,7]

A key advantage of the self-test loss function is its applicability for both v > O and v = 0.
In contrast, the likelihood-based approach requires v > 0, as this condition is essential for
applying the Girsanov theorem to define a non-degenerate measure on the path space. The
self-test loss function, however, imposes no such constraint on v. Notably, when v = 0, the
SDE reduces to an ordinary differential equation (ODE). When the ODE has a random initial
condition, the self-test loss function is derived from the Liouville equation governing the
distribution flow.
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Importantly, as the next proposition shows, we can write the self-test loss function as a
combination of expectations for probability flows. This allows Monte Carlo approximation
of the loss function, which is particularly useful for high-dimensional problems when the
data consists of sequential ensembles of samples.

Corollary 1 The loss function of (3.10) with v > 0 can be written as expectations:

1T - — _
Euor (. V) =2 /0 (EIEIVO(Z)[X,] + VV (XD + 20E[A®(Z) + AV (X)) di

—2(E[®(Z7) + V(X71)] — E[®(Z0) + V(X0)]).
(3.11)
where Z; = X, — Y; and Y; is an independent copy of X;.

Proof Recall that u(-, t) is the probability density function of X, . Hence, we can write the
integrals as expectations, for example, fRd u|VV|2dx = E[|VV(X t)|2]. In particular, note

that ® * u(X,) = E[® (X, — Y;)|Yt], where Y; is an independent copy of X,. Then, we
have [\ [oq ulV® xu+VV2dxdt = [ E|E[VD(Z)|X,]1+ VV(X,)|dr.

Meanwhile, note that E[® * u(X,)] = E[E[® (X, — Y;)W,]] = E[®(Z;)]. Then, with
integration by parts, we can write

/d(np s u+ V)(@u —vAu)|dx = 3,E[®(Z,) + V(X,)] — vE[AD(Z)) + AV (X))].
R

Integrate in time over [0, T'], we obtain (3.11). m]

4 Identifiability and Well-Posedness

The quadratic structure of the self-test loss functions provides a framework for analyzing
the identifiability of the (function-valued) parameters and the well-posedness of the inverse
problems. Notably, since no prior information is assumed for the unknown parameters, we
define adaptive spaces that depend on both the operator and the data. These spaces capture
the limited information available for parameter estimation and provide the appropriate setting
for studying the identifiability and well-posedness of the inverse problems.

We demonstrate the approach by estimating /2, @, and V in the operator defined in (1.5):

Rylul := Ropo.v)lul = =V - @V[vh' () + ® xu + V]) = f.

We start by estimating each parameter individually, the other two are known, in Sections 4.1
and 4.3. Finally, we address the joint estimation of all three parameters. Notably, we establish
that the inverse problems for estimating /2 and V are well-posed, while the estimation of ®
is ill-posed due to the nonlocal nature of the interaction.

Throughout this section, we construct the parameter spaces using continuum data of
input-output pairs (u;, fl)lel. In practice, discrete data approximates continuum data under
appropriate smoothness conditions, as specified in the following assumption.

Assumption 4.1 The data {(u,, fl)}[L:1 satisfies fj = Ry, [u;], where ¢y = (hy, Py, Vi), and
{ul}lL:1 cX:=C Cl (R%), i.e., each u; has continuous derivatives and compact support.

Generalization to non-smooth data ; is possible in specific settings. For instance, in the
absence of the diffusion term (e.g., v = 0), it suffices for each u; to be a continuous probability
density function supported on a compact subset of R¢ for the results in Sections 4.2-4.3.
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4.1 Estimating the Diffusion Rate: Well-Posed

Consider first estimating the diffusion rate function 4 : R™ — R when ® and V are given.
We rewrite the equation Ry[u] = f to isolate the unknown:

Rplu] := =V -[uVOh' )] = =V A" @)uVu] = f+V-@V[Pxu+V]) = )7 4.1)

Evidently, only 4” is identifiable, since R, depends on 4 solely through 4”. Accordingly, we
formulate the self-test loss directly in terms of 4”.

Using the same arguments in Sect. 2.2, one can verify that v, [u] = A'(u) is a self-testing
function, and the self-test loss function is

L

E(h") =y (Ralur] = 2fi, vilus]) + Co (4.2)
=1

with C¢ being an arbitrary constant. Here we used the notation £; to indicate that this loss
function is for estimating 4.

Given data {u;} with a compact support, we take the parameter space for 4" to be L% >
where the measure p; is defined through its density function

L
prr =Y fR () = NIV () Py () dx 4.3)
=1

with §(-) being the Dirac delta function. For any 2" in this space, the quadratic term in the
loss function is well-defined since

L

L
D (Rulu], valu]) = fR SOV PR () dx = /R 0P,
=1

=1

where we used the fact that
/ u(x)|w(x)|2h”(u(x))2dx:/ h”(r)Z/ u()|Vux)[>8(u(x) — r)dxdr.
R4 Rt R4

s . . 1" 2
The next proposition presents the well-posedness of estimating 2" in L o

Proposition 2 Given data {(u;, ﬁ)}[L:1 satisfying Assumption 4.1, the self-test loss function
in (4.2) for estimating h" in Eq.(4.1) has a unique minimizer in L%l with p1 defined in (4.3).
In particular, the inverse problem of estimating h" is well-posed.

We postpone its proof, along with the proofs of the remaining propositions in this sec-
tion, to Appendix A.2. Since this inverse problem is well-posed, regularization in practice
(e.g., Section 5.1) serves primarily to smooth the estimator or to filter errors from noise and
discretization.

4.2 Estimating the Kinetic Potential: Well-Posed

Similarly, we next estimate the potential V : RY — R assuming that 7 and ® are given.
Rewriting Ry[u] = f to isolate V gives

Rylul := =V -@VV)=f+ V- (uV[®xu+vh w)]) = 7. 4.4)
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Since Ry depends only on VV, we can identify V only up to an additive constant. Accord-
ingly, we formulate the self-test loss directly in terms of VV. With vy [u] = V as a self-testing
function, the self-test loss function is

L

L
E2(VV) =Y (Rylul =2fi, V) =IVVI, — 2<Z fi, V>, 45)
=1

=1

where we got Y (Ry[u;], V) = Y[y [pa wi(0)|[VV (x)|*dx = |[VV|?, by integration
2

by parts, and the data-dependent measure p; is defined by its density function
L
pr(x) =Y wi(x). (4.6)
I=1

The next proposition shows that the inverse problem of estimating VV € L%z R4, RY)
is well-posed (see its proof in Appendix A.2). For estimating V, the inverse problem is
well-posed in Hy := {g € H [fz (R R): fRd gp2 dx = 0} when the measure p; satisfies the
Poincare inequality. Here, H;z (R%:R) :={g € L%z 1 |Vgl € L%Z}.

Proposition 3 Consider the problem of estimating VV or V in Eq.(4.4) from data
{(uy, fl)}lL=l satisfying Assumption 4.1. Let py be the measure defined in (4.6).

— For estimating VV, the self-test loss function in (4.5) is uniformly convex and has a
unique minimizer in L%z (R?, RY). Consequently, the inverse problem is well-posed.
— For estimating V, assume that p, satisfies the Poincare inequality, i.e.,

/ 1g1%p2 dx < c/ \Vgl*prdx, Vg € H), with / gprdx = 0. (4.7)
R4 R4 R4

Then the self-test loss function in (4.5), when viewed as a functional of V in the space
Ho :={g € lez R?; R); I]Rd gp2dx = 0} is uniformly convex and has a unique mini-
mizer V satisfying

L
— V- (p(VV) =) i 4:8)

=1

We remark that the assumption of p; satisfying the Poincaré inequality in (4.7) is mild,
and it is equivalent to the spectral gap condition on p, when p; is a probability measure; see,
e.g., [1]. For instance, p2(x) = e with W € C*(R?) and V>W (x) > 11, for all x, or
p2 is supported on a bounded connected domain, bounded above, and bounded below away
from 0. When p; satisfies this assumption, the potential V can be uniquely recovered up to a
constant in H, ;2 since it is identifiable in Hy. However, the minimizer is nonunique without
this assumption or beyond H ;2, as shown in the next one-dimensional example. Assume that
d = land pp(x) = e~ . Then, if V is a solution to (4.8), sois V +¢* since V- (p2(Ve*)) = 0.

4.3 Estimating the Interaction Potential: Ill-Posed

The inverse problem of estimating ® : R? — R differs fundamentally from the previous
two, as it is ill-posed due to its deconvolution structure. Here, we estimate & in

Rolul i= =V - (uV(® *xu)) = f + V- (uV[V + vk w)]) =: f, (4.9)
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where V and i’ are given. As Rg depends on @ only through V&, we can identify © only
up to an additive constant.

Denote F[u] = @, «u+ V, —V + vh! (u) — vh’(u) and note that f: —V - (uV[F[ul]).
With a self-testing function ve[u] = P * u, the self-test loss function of V& is

L

1 ~
&(Ve) = 5 ;m@[w] —~2fi, ®*u)
- (4.10)

L
1
=5 Z/d w (VO % ul> = 2VF[uy) - VO % u)dx.
R
=1

The independent variable of @ is the pairwise difference of particle positions, while the
data u is the distribution of each particle. To quantify the exploration of the independent
variable of ® by data, we define a measure p3 with a density function

L
P Y / w (up (x = y)dx. @.11)
=1

It extends the exploration measure defined in [23, 24] for radial interacting potentials.

Let L : L%} — Lf)3 be an integral operator defined by

G(y,y) 1
" p3(»)p3(y)>0>

LV a(y) Z/E(y,y/)VMy’)pa(dy/) with G(y, y) = —————
3(y)p3(y

L
603 =3 [weomt = yux = yax.
=1

- (4.12)
Here G(y, y’) is square integrable by Assumption 4.1; see [24].
The next proposition shows that we can only identify V& € Null(Lg)J‘ cL?

03 and the
inverse problem of estimating V& is ill-posed.

Proposition 4 Consider the problem of estimating V® in Eq.(4.9) from data {(u;, f;)}le1
satisfying Assumption 4.1. Let p3 be the measure defined in (4.11). The Hessian of the
quadratic self-test loss function in (4.10) is the compact operator L on L/z)3 (R?, RY) defined
in (4.12). Consequently, the inverse problem of finding its minimizer in (7.3) is ill-posed.

A regularization is necessary to obtain a stable solution for this ill-posed inverse problem
of estimating V®. In particular, when Null(Lg) # {0}, it is crucial to regularize only on
Null(Lg)L in order to prevent the estimator from being contaminated by components in
Null(Lg). Data-adaptive RKHS regularization or priors, as proposed in [5, 26], employ the
RKHS with reproducing kernel G and yield convergent estimators.

The ill-posedness in estimating V ® stems from the deconvolution structure of the problem.
Consequently, even if additional properties are imposed on @, such as radial or symmetry, the
inverse problem remains ill-posed. However, when the data u; are contaminated by additive
spatial noise, the operator L in (4.12) can become strictly positive definite, which in turn
yields a well-posed inverse problem; see Section 5.2 for a numerical illustration.

4.4 Joint Estimation

Using the parameter spaces and operators in the previous sections, the joint estimation for
(h", VV, V) takes place in the product space L%l RH® L%Z RYH® LfB (R?). Meanwhile,
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the self-test loss function can be written as

L
EH',VV, VD) = V[vh' ® 12
(h",VV,Vd) I_Z]/Rd[”" [wh'(u) + @ % u; + V)| @13

— 2filvh () + ® % uy + V1]dx dr.
The next proposition shows the ill-posedness of estimating (1", VV, V®).

Proposition 5 (Joint estimation) Consider the problem of jointly estimating h”", VV ,V® in
Eq.(1.5) from data {(u;, f])}ll‘:1 satisfying Assumption 4.1. Let p1, pa, p3 be the measures
defined in (4.3),(4.6) and (4.11), respectively. Then, the self-test loss function in (4.13) is not
uniformly convex, and its Hessian (second variation) has a zero eigenvalue with eigenfunction
¢ = (0, ¢, —¢) for any nonzero ¢ € RY. In particular, the joint estimation problem of finding
the minimizer of the loss function is ill-posed.

We remark that the zero eigenvalue of the loss function’s Hessian roots in the fact that
different pairs (®, V) and (& +c¢- x, V — ¢ - x) produce the same value of the loss function,
which has been noticed in [47]. To eliminate this degeneracy, we enforce symmetry on &,
so that vectors of the form (0, ¢, —c)T no longer lie in the admissible function space for .
In practice, this constraint can be implemented either by restricting to radial potentials (see
Section 5.2) or by parametrizing ® via ®(x) = ?IS(x) + 5(—x), where & is a learnable
function (e.g., a neural network as in Section 5.3).

5 Applications to Parametric and Nonparametric Estimations

We demonstrate applications of the self-test loss function in estimating the function param-
eters in the weak form operator R, ¢,v)[u] = —V - @V[vh'(u) + ® x u + V1) in (1.5)
and its gradient flow. We consider parameter estimation for / in Section 5.1, nonparametric
estimation for radial ® in Section 5.2, and neural network regression for joint estimation of
® and V in Section 5.3.

5.1 Parametric Estimation of the Diffusion Rate Function

Consider first a parametric estimation of / in the equation
Rylu] :== =V - w[Vh' )] = =V - [uh” (w)Vu] = f, 5.1

from data {(u; (x;), ﬁ(xi))}f\;flzl, where x; € [0, 1] is auniform mesh and u; € H(} (0, 1)).
Here, the diffusion rate function 4 is a power function in (2.5) with a parametric form
ne

1 1
he(s) = c2s2 + C3§S3 + C4§S4 = ];ckek(s), (5.2)

where e;(s) = k%lsk for k > 1, and n, = 3. Thus, the task is to estimate the parameters
¢ = (¢, ¢3, c4). Here we don’t include the term e (s) = s log s because its second derivative
e{(s) = 1/s is singular at s = 0. Such a singularity leads to a singular function e} (u; (x))
when u;(x) approaches zero at the boundaries, requiring additional numerical treatments
when computing the loss function of 4” and the normal matrix for regression.

Synthetic Data generation. We generate data by adding noise to the values of analytically
computed functions on the spatial mesh. Let the mesh points be x; = {ﬁ, 1 <j <N}
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We obtain noisy data {u;(x;)} by adding independent Gaussian noises N (0, o2 /N) to the
values of u;(x) = sin(wrlx) on the mesh for [ € {1, 2, 3}. Note that these functions are in
H} (0, 1)).
The data { f;(x;)} are noisy observations of Ry, [1;](x) at the meshes:
e
fitxi) = =Rno [wl(x) + e = = Y k¥ - [we ) Vg1 (xi) + €1

k=2
with parameter ¢* = (¢, 3, c4) = (1, 1.2, 0.5) and {¢; ;} being i.i.d. (0, az/N). Here we
computeeach V-[u le,’c’ (u7)Vuy] analytically since ex and u; are polynomials and trigonometric
functions.
Regression from the self-test loss function. As studied in Section 4.1, the self-test loss
function in (4.2) with Riemann sum approximation is

1 L N
£©) = 7 > > [ (i) Pu (i) | Vit () 2 = 2.fi e i G ()

=1 i=1
=c Ac— 2ch,

where the normal matrix A = (Ay,,,) and normal vector b defined by

L N
1
Aem = 7 > Y wi )| Vi () Pef (i (xi))ep, (ui(x)), 1< k.m < n,
=1 i=1

L N
1
by = ﬁ;;ﬁ('xi)el/((ul(xi)), 1 <k <n,.
=1 i=
The estimator is then solved by least squares regression,
ne
hs) =Y @e(s), ©=A""h.

k=1

We compare ﬁ(s) (denoted by “‘stLoss-estimator”) with an estimator using the strong-
form equation (denoted by “Strong-estimator”). The strong form estimator has coefficient
© = (A%)~'b*, where the normal matrix A* and normal vector b® have entries

L N
1
b = NI ; ; V - [ure () Vurl (i) V - [uge) () Vurl(xi),
1 L
bi =7 22 iV - lwef ) Vil (xi).
=1 i=1

=

Thus, the strong form estimator uses the second-order derivatives of u, while the weak form
estimator uses only the first-order derivatives.

In the computation of both estimators, the derivatives are approximated by finite difference
using the Savitzky-Golay filter with polynomial degree 3 and window size 11 (see, e.g.,
[38]). The difference between the two is that the Strong-estimator requires an additional
finite difference approximation for the divergence term, whereas the stLoss-estimator uses
the Riemann sum to approximate the integration.

Figure 1 shows that the stLoss-estimator significantly outperforms the Strong-estimator

in typical simulations (Left) and in the convergence of relative L%l error (||h} — n" ||i2 )
2
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Fig. 1 Estimators from self-test loss function (“stLoss”) vs estimators from strong-form equation (*“‘Strong”).
Left: estimators in a typical set of 100 simulations with N = 400 and o = 0.1. Middle-Right: Relative L%,l
errors vs N and o

as mesh size N increases or as the noise level o vanishes (Middle-Right). Note that as N
increases, the strong-estimator does not converge due to the noise being amplified by the
additional finite difference approximation (recall that the noise decays at the rate O(ﬁ)

while the Ax in finite difference has an order of O (%)).

Here, for each parameter set of (N, o), the percentiles are computed from 100 independent
simulations with randomly generated noise; the empirical measure p; in (4.3) is computed
from data by Riemann sum approximation of the integral and finite difference approximation
of the derivatives. In the typical simulation (Left), the condition numbers of the normal matrix
A are in the range [30, 40], indicating the well-posedness of the inverse problem.

In summary, the example shows that the estimator using our self-test loss function based
on the weak-form equation can tolerate a rougher spatial mesh and larger-scale noise in the
data than a strong-form-based estimator.

Application to weak SINDy. We apply our self-test loss function within the weak SINDy
framework of [31] to estimate the sparse parametric diffusion rate 4 in (5.2) from data.
Specifically, we compare our self-testing functions with random Gaussian test functions
{¥m} "11;1:1 designed following the strategy in [31], namely, tailoring them to the noise level and
spectral properties of the data. This design keeps the test set computationally feasible while
avoiding the curse of dimensionality that affects more structured families. The Gaussian
test functions have centers sampled uniformly in [0, 119 (with d = 2) and bandwidths
n € {0.025, 0.1, 0.4}.
We assume the true coefficient for /. (s) is given by

¢=(c1,c2,¢3,¢c4,¢5) =(1,0,2,0,0).

The data is generated on the discrete mesh, and for d > 1, we consider the data to be the
tensor product u;(x) = sin(mwlxy) - - - sin(;wlxy) evaluated over a discrete mesh with N = 100
grids in each dimension, where x = (x1, ..., Xxg4) € R?and 1 <! < L with L = 2. The data
u; and f7 at each mesh point are polluted with additive Gaussian noise of variance o = 0.05.
Since the true parameter is known to be sparse, we use the modified sequential-thresholding
least-squares (MSTLS) as introduced in [31] to promote sparsity in the estimation.

We report the estimation error as a function of M over 10 independent simulations in
Figure 2. In the self-test setting, we always use L = 2 test functions, so the corresponding
error is independent of M. As M increases, the error obtained with random Gaussian test
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Fig. 2 Comparison between self-testing functions and random Gaussian test functions in the weak SINDy
framework. The boxplots show the distribution of estimation errors over 10 independent simulations using
M random Gaussian test functions, with bandwidths n € {0.025, 0.1, 0.4}. The red dashed lines indicate the
error obtained using L = 2 self-testing functions, which do not depend on M. As M increases, the error for
Gaussian test functions decreases, and the best performance occurs when n = 0.1, close to the noise level
o = 0.05, at which point the errors approach those of the self-test formulation. Even in this near-optimal
setting, self-testing functions yield consistently lower errors than the random Gaussian tests

functions decreases. The best performance occurs when the Gaussian bandwidth = 0.1
is close to the noise level o = 0.05, in which case the errors approach those achieved by
the self-testing functions. Even in this near-optimal regime, the self-testing functions still
outperform the random Gaussian test functions. This example highlights the advantage of
the proposed self-test framework.

Separately, additional experiments (not shown) suggest that self-testing functions yield an
estimation error on the order of the noise level. In contrast, with sufficiently large M, random
Gaussian test functions can produce errors below the noise level. This indicates that, with an
appropriate choice of bandwidth 7, the random Gaussian test functions may effectively filter
out the noise.

5.2 Non-Parametric Estimation of Interaction Kernel

Next, we consider estimating an interaction kernel, the derivative of a radial interaction poten-
tial, in the aggregation operator. We will compare strong-form and weak-form estimators with
respect to their tolerance to observation noise.

Specifically, consider the estimation of the function ¢ : [0, 2] — R, which is the derivative
of the radial interaction potential ® with V& (x) = ¢ (|x |)ﬁ, in the aggregation operator

Rylul = —VuVo xu) = f,

from data consisting of noisy input-output function pairs at discrete meshes in 1D:

Ny Nk

j=lk=1> (-3)

(R (x)) = uey) + €l fO0)) = filxj) + €}
where e,’(‘j, e[j ~ N0, 02). Here, the spatial meshes {x;} are uniform on 2 = (0, 10)

satisfying x; — x;j_1 = Ax = 0.01 for all j, and the noises {egi, e,{,}zk,":‘l

and identically distributed Gaussian N (0, o2) random variables with standard deviation .
The functions {uy} are ug (x) = sin(w(x — 2k + D) x—@k+1)<1.5 for 1 <k < np = 3.
They are in C! (), so we can use integration by parts in the weak form and compute f; (x i)
using the strong form operator, i.e., we compute the analytical form of the integrand in the

are independent
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following integral,

2
i) = — /0 ¢ (IyDsign()d [ug (v — vy (0)1dy,

where the integral is computed using the adaptive Gauss-Kronrod quadrature [39]. In our
tests, we set ¢, (r) = rzl[o,”(r). Figure 3(a) shows the data pairs.

The above equation is the mean-field equation (2.6) with V. = 0 if f = d,u — vAu. In
this case, the nonparametric estimation of ¢ has been studied in [23, 24]. Here, we focus on
the aggregation operator without the diffusion term.

In the following, we derive the least squares regression of ¢ using the self-test loss function.
We first write the self-test loss function in the continuum, then approximate it by the discrete
data and write the least squares estimator of ¢.

The self-test loss function in continuum. Using the self-testing function vy [ux] = @ * uy
for each input-output pair (ux, fx), and applying integration by parts, we obtain the self-test
loss function

nk
Ep(p) = Z/ uk|V<I>*uk|2dx—2/ Fe()® * ug(x)dx.
k=1 R R

Denote Fr,(r) i= — Y05, [0 Feux (Olug (x — r) — ug(x + r)ldx with F(x) :=

f(;c Jfr(y)dy. We can write the loss function as (see Appendix 7.3 for a derivation)

2
Ep(d) = / f 6 (NP($)T(r )P (Mps)drds —2 fo S(Fradr,  (54)

where the density of the exploration measure p is defined as
1 &
pir) =~ Z/ Vg O8ug (x, r)| dx with Sug(x, r) == up(x —r) — up(x +r) (5.5)
R
k=1
with Z being a normalizing constant. Here, the integral kernel G is defined by

ny
G(r,s) = %hmmu»m with G(r, s) := 1; /R ur (x)duy (x, r)duy(x, s)dx .

(5.6)
These integrals are well-defined since {u (x)} are uniformly bounded with compact support.
Least squares regression from empirical loss function. Given the discrete data in (5.3) on
the mesh {x;}, we can obtain a uniform mesh {r; = le};’;l on [0, 2] for the independent
variable of ¢. Representing ¢ by a linear combination of piecewise constant functions ¢ () =
Z;’;l ¢4y, r,1(r), our task is to estimate the coefficient vectore = (cy, ..., ¢y, )T e RrxL,
Approximating the loss function in (5.4) by Riemann sum using the noisy data and the above
piecewise constant ¢, we obtain an empirical loss function that is quadratic in ¢:

ﬁp(c) =c'Ac—2¢'b+C,

where A € R > and b € R**! are the normal matrix and vectors and C is a constant
term independent of ¢. The entries of A and b are

AQT) =G 1) ~ / / 1y 19 G (r, s)drds

b(l) = —g fArAx ~ / Ly (1) Fru(r)dr,
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Fig. 3 Estlmators using weak (“Weak-form”) vs strong-form (“Strong-form”) equation. (a): Dataset
{(ug, fk)} =1 (b): Estimators (in percentiles) in a typical set of 100 simulations with noise level o = 0.0078.

(¢) Relative L2 errors v.s. noise level 0. Weak-form estimators are more robust to large noise than those based
on the strong-form

where wedenoteG =g gAx(Ar)? € R withg = (\/[uf(x;)[8uf (x;, 1)) € Rnxxnr

and F = (37 S Gaup () Ax) 0y € R,
The estimator is then solved with Tikhonov regularization:

1

nr
) = Alipr (). @1 T =T, = (A+ A1) b

with the hyperparameter A, > 0 selected by the L-curve method [16]. Due to the additive
noise in u{, the smallest eigenvalue of the normal matrix A is bounded below by a constant
that scales with 2. Thus, the noise prevents A from being severely ill-conditioned, and the
regularization mainly acts as a filter of the noise. Here we regularize using norm ||c||%R”, =
¢ "Ie, and we leave it in future work to investigate other norms, such as the L%-norm or the
data-adaptive RKHS norm of ¢ in [26].

S0, we com utet e exploration measure as p r), ..., plry)) € R witl
Al pute the explorati = (H(r1). ... p(ra,) € B! with

p(r) = Z Z’Ll 171 VIug xi)lldug (x;, r)|Ax. The L2 norm of ¢ is then given by
||¢||L2 = [—] C[P(rl)

Numerlcal results. We compare the estimators using the weak-form and strong-form equa-
tions. The strong-form estimator uses the Savitzky-Golay filter to compute derivatives. We
compute the estimators from data with noise levels o = {2’1, j=15,...,10}. We make 100
independent simulations for each noise level, each with randomly sampled noise.

Figure 3 (b)-(c) reports the estimators and relative errors using the median, the 10th and
90th percentiles. In particular, (b) shows that the weak-form estimator is more accurate than
the strong-form estimator when the noise level is o = 2-7 2 0.0078. (¢) shows that when the
noise level is small, the strong-form estimator is as accurate as the weak-form, indicating the
effectiveness of the Savitzky-Golay filter. Still, when the noise level is high, the strong-form
estimator has larger errors than the weak-form estimator, due to the need to approximate
derivatives using finite differences.

In summary, the weak-form estimator outperforms the strong-form estimator in terms of
robustness to high levels of noise.
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5.3 Neural Network Regression for Joint Estimation

This section considers the joint estimation of the interaction potential ® and the potential
V of the deterministic interacting particle system in Example 3 from sequential ensembles
of unlabeled data. We use the self-test loss function in (2.12) for the weak form PDE of the
empirical measures, as derived in Section 2.4.

Numerical settings. In our test, we set M = 10, N = 30, d = 2, and { = [At with
At = 0.01 and L = 20. The particle system is solved using the fourth-order Runge-Kutta
method. The true interaction and external force potentials are given by

®*(x) = cos(2x7) +cos(x2), V*(x) = exp (—13—0 (sin(2x1)? + arctan(xz))> N CN)

In the data in (1.11), the initial conditions (Xfl’(m), 1<i<N)Ee RN are randomly

sampled, with half of the samples drawn from the uniform distribution over [—2, 21V 4 and
the other half drawn from a Gaussian mixture, so that the data are spread over a region. Here
d = 2 and the Gaussian mixture is the product measure of the distribution 0.6 x A (w1, 1)+
0.4 x N(uz, £2) on R2, where 1 are sampled from a uniform distribution on [0, 2.51% and
/o are sampled from a uniform distribution on [—2.5, 01]2. The covariance matrices are fixed
tobe X = 0(')2 O(.)4 and Xy = 0%5 Ois
is concentrated in the first and third quadrants, as shown in Figure 4f.
Regression via neural network approximation. We use neural networks to approxi-
mate both the interaction and external force potentials. To approximate the interaction
and external force potentials, we use two four-layer fully connected neural networks with
sigmoid and ReLU activation functions. In particular, we enforce symmetry by setting
d(x) = CE(x) + é(—x), where @ is the neural network approximation. This constraint
resolves the identifiability issue in Proposition 5 and in [47], where different pairs (®, V)
and (® +c-x, V — ¢ x) produce the same value of the loss function, since ® + ¢ - x is only
symmetric when ¢ = 0 if ® is symmetric.

Optimization is performed using the Nesterov-accelerated Adaptive Moment Estimation
NAdam method, which combines Adam’s adaptive learning rates with Nesterov’s lookahead
mechanism to improve convergence and optimization efficiency [8], with a learning rate
adjustment ReduceLROnPlateau, which reduces the learning rate when a monitored
metric stops improving, helping to fine-tune optimization and avoid overfitting.

The training process is presented in Figure 5. The initial step size is set to be n = 0.05, and
itis reduced to 0.1n whenever the loss stops reducing. The final minimized loss is -0.001309.
Note that our self-test loss (2.1) is the quadratic (2.3) minus a constant, where the constant is
related to the true functions. The true constant in this example is 0.001377, which suggests
that the quadratic loss has been minimized to 6.69 x 1077.

Figure 4 presents the learned potentials. Figures 4a and 4d show the true and estimated
interaction and force potentials, and the differences of their gradients are presented in Figures
4b and 4e . The estimators are accurate over the regions where data is concentrated, i.e., the
large valued regions of the exploration measures, p; as in (4.6) for V and p3 as in (4.11)
for @, as shown in Figures 4c and 4f , respectively. These empirical measures are relatively
rough since they are estimated from about M N L = 4000 and M N2L = 80000 data samples
for pp and p3, respectively. The final estimation error is [V® — VO*|| 2, = 0.5855 and

IVV — VV*Ing = 0.1746.
2

>. In this setting, the distribution of the particles
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Fig.4 Estimation result of the interaction and the force potential. The estimation results are accurate over the
region where pp and p3 are concentrated
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Fig. 5 Training process. We utilized the NAdam optimizer and adjusted the learning rate when the loss
plateaued. The initial oscillation is attributed to the reduction in the learning rate. Toward the end, the loss
decreases more gradually because the learning rate is significantly lower than at the beginning. The final
optimized loss value is -0.001309, corresponding to a normalized quadratic loss of 6.69 x 1073

To summarize, we overcome the challenge of unlabeled ensemble data without trajectory
information by constructing a self-test loss function based on the weak-form equation of the
empirical distributions. This self-test loss function is suitable for ensemble unlabeled data
and neural network regression.

6 Conclusion

Discrete, noisy data pose substantial challenges for learning differential operators in PDEs
and gradient flow systems. A standard approach is to construct loss functions based on
weak-form equations, which avoids the large errors inherent in approximating high-order
derivatives. However, this introduces the challenge of selecting suitable test functions.
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This paper introduced a novel framework for constructing loss functions, called self-
test loss functions. This method is designed for weak-form operators in PDEs and gradient
flow systems. It applies to operators that depend linearly on the (function-valued) parameter
to be estimated. By leveraging parameter—and data-dependent test functions, our approach
automates the construction of loss functions and addresses the issue of test function selection.

The self-test loss function exhibits appealing theoretical and computational properties.
It conserves energy in gradient flows and aligns with the expected log-likelihood ratio in
stochastic differential equations. Furthermore, its quadratic structure enables a comprehen-
sive analysis of the identifiability and well-posedness of the inverse problem. We demonstrate
this by estimating the diffusion rate function, interaction potential, and kinetic potential
in the aggregation-diffusion equation. Importantly, the self-test loss function supports the
development of efficient parametric and nonparametric regression algorithms. Numerical
experiments demonstrate that its minimizer is robust to noisy and discrete data, highlighting
its practical utility and potential for broader applications.

7 Proofs and Derivations
7.1 Proofs for Section 3

Proof of Theorem 3.2 Part (a). Since ¢, is the true parameter, it satisfies the weak form of

u Si‘f* . Applying a test function % for any ¢ such that Ey[u] < oo,

dE¢[u]_< 8E¢>_ <A SEg, SEy
= —_{a, °%¢

oru, —— s
dt Su Su Su

gradient flow d;u = —A
we obtain

>, vt e [0, T].

Integrating in time, we obtain

~ TdE¢[u] B T 8Es, SEg
Eg(u(T, ")) — Eg(u(0, -))—/0 o df—_/o <A“ Su W> ar

Then, using the linearity of 68% in ¢ due to Assumption 3.1, we write £, ;,(#) in (3.4) as

Eurory (@) = 2fT 4, L0 OEq dt+/T Oy OEg) 4,
MO T o \' " du Su o \ " du’ Su

T T

SE4_ SE¢— SE SE

/ AMM, OCd—¢s dt _/ A, ‘f’*’;”* dt. (7.1)
0 Su du 0 Su du

From (A,&, &) > 0 in (3.3), the first term is non-negative. Thus, we know that

SEy, SOFE
[ . [ dr
Su Su

T
gu[()VTJ (¢) = gu[()_TJ (¢*) = _/0 <All

and ¢, is a minimizer of £y, ;,(#).
Part (b). It follows from (7.1) that ¢, is the unique minimizer in H if (3.5) holds.
Part (c). Since ¢ is a minimizer of Eujo.r) (@) and Ey is linear in ¢, we have, for any ¢,

Eupo.r1 (@0 + €¥) — Eug 1y (d0)

€

SEg SEy
Su ' Su

d .
0 = ES"[O,TI(d)O + GW) = elE)r(l)

T
=2[Ey (T, ")) — Eyu(, )]+ 2/0 (Ay )dt.
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Taking ¥ = ¢o, we obtain (3.6). ]

Proof of Theorem 3.3 The Fokker-Planck equation of the Mckean-Vlasov SDE is (2.6). The
self-test loss function for estimating (V, ®) using its weak form is given in (2.9), which reads

1 T
Eupor) (@, V) = ?/ / [u|VCI> * U+ VV|2 —2(0u —vAu)(P *xu + V)] dx dt.
' 0 JRd

On the other hand, by Girsanov Theorem (see e.g., [34]), the negative log-likelihood ratio
for X[()’T] is

d]P’¢, 1 T — 2 _ _
Ex oy @) = - —/ (|[vq>*u+vv1(X,)| dt—2<[vq>*u+vv1(x,),dx,)),

dPO 2v Jo

where Py and [Py are the distributions of the path under the SDE with parameters ¢ = VvV, ®)
and V = & = 0, respectively. Taking expectation and using the fact that X, ~ u(-, 1),

T
E[eg, , @] = % /0 /Rd [[VO 5 u+ VV| udx — 2E[([V® % u + VVI(X,), dX,)] dt.

To compute the above expectation, using d X, from the SDE with the fact that the martingale
term has expectation 0 and applying integration by parts, we have

E[([V® % u + VVI(X,), dX,)] = E[[V[® % u + VI(X,), —=V[Vi + ®s % ul(X)])]

= / 1<V[CD su-+ V], —uV[Vy + &, * u]>dx
= f (@ xu+ V)V [uV(Vy+ @y xu)]|dx = /d(ep s u+ V)(0u — vAu)ldx
Rd R

where the last equation follows from the Fokker-Planck equation (2. 6) with parameters
(Vi, @4). Combining the above two equations, we have &y, (P, V) = X[o - (9). m]

7.2 Proofs for Section 4

Proof of Proposition 2 Recall thatin (4.1), f = —V-[uV[vh/,(u)+ (P, — D) su+Vi—V]] =
—V - [uV F[u]l, where we set F[u] = vi (u) + (& — ®) xu + V, — V. Then,

(f. vnlul) = (=V - [V Ful]. k' (w)) = /R" u(x)VF[ul(x) - Vu(x)h” (u(x)) dx

1/2

< (/d u(x)|VF[u](x)|2|dx)l/2(/d ()| Vu )R (w(x))? dx)"? < +oc.
R R

Thus, the Riesz representation theorem gives a data-dependent hp € L2 » With py defined in

(4.3) such that

1

L

L
D (i vnlul) = Z (=V - [V Flug1], B (ur))
=1

L
Z/ ¥ Flu] - Vugh" (u () dx =: (hp. h") 13 .

@ Springer



Journal of Scientific Computing (2026) 108:28 Page270f32 28

Then, we can write the self-test loss function as

L

E(0") =y (Ralur] = 2fi, vilui]) + Co
=1

2
= IIh”IIL%l = 20" hp)z + Co.

The Fréchet derivative of &1 in terms of the variable h” is D& (h") = 2h" — 2h . Thus,
the minimizer of &£ is unique and

7" = argmin & (h") = I_lhD

weL?,
with / being the identity operator on L%l. Thus, this inverse problem is well-posed. ]
Proof of Proposition 3 First, recall that in (4.4), f =-V. [uV[vh’*(u) — VA (1) + (Dy — D) %
u+ V*]] := —V - [uVF[u]], where we set F[u] = vk (u) — vk, (u) + (Ps — ®) x u + V.
Thus, the linear term in the loss function is

L L

L
S i vvlul) = Y =V [Vl V) = 3 @ VFlu] - VV) = (Vp, VV) 2
, , . s Lp2 ,
=1 =1 =1
where 71; € L%z (R?; R?) with p, defined in (4.6) by the Riesz representation theorem. In

particular, we have VD) = V F[u;] when F[u;] is independent of / (e.g., when L = 1). Then,
we can write the self-test loss function as
L

E(VV) =Y (Rylw]—2f, V)

=1
e
= IVVI?, —2(VV,Vp).2 + Co.
2 ]

Regarding £ (VV) as a functional of v = VV € L%z (R?: RY), we define & (v) = ||V||i2 -
2

v 4 At 2 (mod. dy v
2(v, VD>L%2 + Co. The Fréchet derivative of & over Ly, (RY; RY) is Dy&(v) = 2(v — Vp).

—_—
Thus, the minimizer of &, denoted as V'V, is unique and satisfies

— . >
VV = argmin &(VV)=1""V,,
VvelL? (RYRY)

where [ is the identity operator in L%Z (R?; R?), and the inverse problem is well-posed.
To identify V, we regard the self-test loss function as a functional from Hy to R:

L

ol I _ 2 i
E(V) =&(VV) = VI, ~ 2<; i v> G
= L

Using Poincare inequality (4.7), we have fRd [VI2padx < chd [VV|?p2 dx, where ¢ > 0

is the Poincare constant. This implies ||V [17,, = ||V||§_[pl <+ c)||VV||2L% . Combining
2 2

this with Holder’s inequality for

i“v — YV, Vo) | < [VVI2, +4(1 + OV, 2
l_lfl, . = Vpli2) P TTES) L3, AVp L3

r2
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so we have

1
&(V) = 20

2 e 2
sVl + Co= 80+ NV, 17,

Hence, the functional gz(V) is uniformly convex on Hy, and it has a unique minimizer in
Ho. R
If V minimizes £ (V), the first variation (Gateaux derivative) of £,(V) is

L L
d —~ ~ —~ ~ ~ ~ o~ ~ ~
- 0/|V(V+sV)|2p2—2(v+sv)§ fi dx :2/ (vvvvm— » ﬁv) dx =0
£=l
=1 =1

for any Ve ‘Ho. Hence, the minimizer V satisfies (4.8). O

Proof of Proposition 4 First, write the quadratic term in the loss function (4.10) as

L
Zf ) (X) |V % up(x)|2dx
=1 /R
L
=Y [ueo [ Vownue - yay- [ Voo - yayx
=1
— [ [om. veu [Z / ul(x)uz(x—y)uz(x—y)dx:| dydy' = (Y, LgV®)

with L& defined in (4.12) and p3 defined in (4.11).

Second, the Riesz representation theorem gives a vector-valued function & , : R? — R4
such that the linear term in the loss function can be written as

/)3.

L
Z/ w ()VF[u)](x) - VO % 1 (x)dx = (S ,, V&)
Rd
=1
Then, we can write the loss function in (4.10) as
E3(VD) = (VO, LEVCI:')L%3 - 2(5)1), V<I>)L%q + Co. (7.2)

Regarding &3 as a functional in terms of V&, the Fréchet derivative of £3 is Dy &3(VP) =
—
2LV ® — 2 ® 4. Thus, the minimizer of &3 is unique in Null(La)L and

Vo = arg min & (VD) = L%IEJ)D, (7.3)
V<1>6Nu1](L5)J-CL%3

where LZ! is the pseudo-inverse of the operator Lg. Since the operator L is compact, so
Null(L#) # {0} and the above inverse problem is ill-posed. ]
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Proof of Proposition 5 We solve for the estimators by setting the Fréchet derivatives of the
loss function to zero. We write the loss function in (4.13) as

EM',VV,Vd) = ||h”||i%1 + IIVVIIi%Z +(VO, LgVe) .

—|—2Z/ wvh”" ) Vu - (VV + VP % u)dx
—, JR4
L
2 VV .V d
+ ;/Rd uy x ujdx

L
= /Rd w Vg, [ug] - VIvh' () + @ % u; + V1dx.

Recall p1, p2, p3 defined in (4.3),(4.6) and (4.11), respectively. We have that
(D&, NV, V), gl)Lg1 =Q2h" + My VV + MpoVe — hp, gl)Lgl ,

- ==
(DyyEM", VV V), gz)ng = 2(Myph" +VV + MyeV® — Vp, gz)ng,

R —
(Dyo&(h",VV V®), 8312, = 2(Moph" + Moy VV + LgV® — Op, 8312

Vg1 € L2 o1 g € L2 o2 and g3 € L%B. Here, the operators M, are defined from the cross-
product terms in the loss function. For example,

(thVV,gl)L/ / uvg1Vu - VVdx;

||
||Mn~ M=M= T

(Myph", §2)L zvh”Vu - 823

(MyaV®, §2)L 1§2 VO xudx;

\\\

(M¢VVV,§3>L MIVV-§3*u[dx.

In particular, since
> 2 2 2 2
(Mavb. g1)13 = (Mving1.b)2 . Vb e Ly, g1 €Ly,
(Movg. &)z = (Myegs. 82)iz . V&2 €Ly, 83 €Ly,

we have joint operators M}, = My, and My, = Myg¢ with operator norms satisfying
[Mpv|l < 1and |[Moy| < ||Lg]"/?. Then, the joint estimator solves the system

Ir2 Mpv Mpe h” hp

b1 —
Myp 112 Myo Vvili=|Vp|. (7.4)

r2 vd e

Mop Moy Lg ®p
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The Hessian (the second variation) of the loss function is the operator on the left-hand-side
of (7.4), and denote itby A : L2 (RT) ® L2 (R)) ® L2 (RY) — L2 (R") ® L2 (RY) ®
L?B (R?). The operator A is self-adjoint and semi-positive definite.

We show first that ¢ = (0,c, —c¢) with a nonzero ¢ € R? is an eigenfunction
of A corresponding to the zero eigenvalue. Note that by definition, (Mygec, ) 2, =
2

Sl Jgawic - ¢ x widx = ||c||? and similarly, (Moyc, c) 1, = lle[|>. Meanwhile, we have
Lge = [ [ S22 cdy’ dy = ¢ by the definition of G. It follows that
Mpye — Myoc 0
<A¢’¢)L%1®L%2®L%2 =( IL%ZC_MVCDC , |1 ¢ )L%1®L%2®L%2
Mepyc — LEC —C

:(Ingc — Mygc, c)L%2 —(Mgpye — Lgc, c)L%3 =0.

Lastly, note that for ¢, = (0,0, v,), where ¥, is an eigenfunction of L& such that
L&y = Ay, we have (A, ¢n) = Ay, where A, — 0 as n — oo since Lg is compact.
Thus, the loss function is not uniformly convex, and the joint estimation is ill-posed. O

7.3 Derivation Details for Section 5.2

Derivation of Eq.(5.4) Using the facts that VO (|x|) = ¢(|x|) 5 and

o0
v uw = [ B(1yD St = y)dy = | o0 =) = utx + .
R 0
along with the notation Su(x, r; t) in (5.5), we can write the integrals as
o0 o0
/ u|lVo *u|2dxdt :/ / ¢(r)¢(s)/ u(x)Su(x, r)du(x, s)dxdrdsdt,
R 0 0 R
o0 o0
:/ / d(r)p(s)G(r, s)drds
0 0
o0 o0 o
— [ [ o005 50
where the integral kernels G, G : Ry x R, — R are defined in (5.6).

Denote F(x) = f(f f(y)dy. Integration by parts with ® % u(10) = ® % u(0) = 0 implies
that

2 10
/f(x)dD*u(x)dx =F(x)q>*u(x)\(‘)°—/ ¢(r)/ FOu(x —r) —u(x +r)dxdr
R 0 0
2
=/0 qﬁ(r)Ff,u(r)dr,

where Fr ,(r) :== — 010 F(x)[u(x —r) —u(x +r)] dx. Combining the above equations, we
obtain (5.4). ]

Data Availability The data used in this study are synthetic and were generated through simulations. Detailed
descriptions of the simulation methodologies and parameters are provided in the manuscript to ensure repro-
ducibility. All data sets and codes will be made available upon request.
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