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Abstract

We introduce a nonparametric algorithm to learn interaction kernels of mean-field equations for 1st-order
systems of interacting particles. The data consist of discrete space-time observations of the solution. By least
squares with regularization, the algorithm learns the kernel efficiently on data-adaptive hypothesis spaces. A key
ingredient is a probabilistic error functional derived from the likelihood of the mean-field equation’s diffusion
process. The estimator converges in a weighted L2 space at a rate for the trade-off between the numerical error
and approximation error. We demonstrate our algorithm on three typical examples: the opinion dynamics with
a piecewise linear kernel, the granular media model with a quadratic kernel, and the aggregation-diffusion with
a repulsive-attractive kernel.
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1 Introduction
We study the inverse problem of estimating the radial interaction kernel ¢ of the mean-field equation
Ou = vAu + V- [u(Ky *u)],z € Rt > 0,

(1.1)
u(z,t) =0, j u(z,t)de =1, Va,t,
R4

from observations of a solution discrete in space-time. For simplicity, we assume that {2 := Ute[O 7] supp(u(+,t)) <

R? is bounded with smooth boundary. Then dyulsn = 0,V,ulsq = 0. Here v is the viscosity constant and
Ky : R? — R? is the gradient of a radial interaction potential ®, whose derivative ¢ is called the interaction
kernel,

Ky(x) = V((|z]) = ¢<ym\>|j|, with ¢(r) = &'(r).

We denote Ky * u(x,t) = {, Ko(x — y)u(y,t)dy. Since only the derivative of ® affects the equation, we assume,
without lost of generality, that the potential satisfies (0) = 0.
Equation (1.1) is the mean-field of the 1st-order stochastic interacting particle system

i X — X} .
Xt NE o(| X )| ' |—|—\/21/dB fori=1,...,N (1.2)

when N — oo, where X/ represents the i-th particle’s position (or agent’s opinion), and B; is a standard Brownian
motion. Such systems arise in many disciplines: particles or molecules in microscopic models in statistical physics
and quantum mechanics [12] and in granular media [26], cells [17, 11, 4] and neural networks [2] in biology,
opinions of agents in social science [27], and in Monte Carlo sampling [9], to name just a few, and we refer to
[27, 15] for the considerable literature.

Motivated by these applications, there has been increasing interests in the inverse problem of estimating the
interaction kernel (or the interaction potential) of the mean-field equation. However, except for ideal situations in
physics, little information on the interaction kernel is available, which may vary largely from smooth functions in
granular media [6] to piece-wise constant function in opinion dynamics [27] or singular kernel in the Keller-Segel
model [4]. Thus, it is crucial to develop new methods beyond parametric estimation (see e.g., [10]). Towards this
direction, recent efforts [3, 24, 22, 23, 32] estimate the kernel by nonparametric regression for systems with finitely
many particles from multiple trajectories. For large systems, data of trajectories of all particles are often unavail-
able, instead, it is practical to consider data consisting of a macroscopic concentration density of the particles, i.e.,
the solution of the mean-field equation.

We introduce a nonparametric learning algorithm (see Algorithm 1) to estimate the interaction kernel ¢ from
data with a performance guarantee. The algorithm learns ¢ on a data-adaptive hypothesis space by least squares
with regularization. A key ingredient is a probabilistic error functional derived from the likelihood of the diffusion
process whose Fokker-Planck equation is the mean-field equation (see Theorem 2.1). The error functional is
quadratic, thus we can compute its minimizer by least squares. Furthermore, it does not require spatial derivatives,
thus it is suitable for discrete data (see £y, in (2.17)).

Our estimator converges as the space-time mesh size decreases, in a weighted L2 space, at a rate for the
trade-off between the numerical error and approximation error. More precisely, with space dimension d = 1, we
consider data consisting of a solution observed on space-time mesh: {u(z,, tl)}n]\;[’lil, where z,, — Ty—1 = Ax
and t; — t;_1 = At. We introduce a probability measure pr (see (2.2)) for for the kernel’s variable, representing
the region and intensity of exploration by data. Denote # a hypothesis space with dimension n and denote ¢n the
projection of ¢ on it in L?(pr). Our estimator gbn M, in (2.21), based on Riemann sum approximation to integrals
in the error functional, converges as (Axz, At) decreases (see Theorem 3.5),

H(Zn,M,L — anHm(ﬁT) < C(Az®™ + At),



Table 1 Notations

Notation Description

¢ and ¢ true interaction kernel and potential, ¢ = &’

¢ and ¥’ a generic interaction kernel and potential, ¢ = ¥’
Ky(z) = ¢(|x\)|£—‘ interaction function with kernel 1)

-y the inner product between vector z, y

|| and |- [l,0o  the L* norm and W** norm, k > 1

L?(pr) L2 space with pr in (2.2)

Hy, the RKHS with reproducing kernel Rt in (2.8)

M =span{¢;};_, hypothesis space with basis functions ¢;

Em, (V) error functional in (2.17), from data {u(x,, tl)}%:lL:o
<gn,M, L estimator: minimizer of £y 7, on H with dimension n

assuming suitable identifiability conditions and regularity on the solution. Here, « is the order of the numerical
integrator and we have o = 1 for the Riemann sum integrator. We further consider the rate of convergence as
Az — 0 when At = 0, assuming that we can enlarge the hypothesis space 7 to control the approximation error
by [|¢n — ¢llr2(5,) & n~° with s > 1. With a data-adaptive n for the trade-off between the numerical error and
the approximation error, we have

(1.3)

a0 = Dlr2(sr) < |dnm0 — Pulr2sr) + H% — Pl 25, B (Ag)es/stD)

g
numerical error

approximation error

(see Theorem 3.7). That is, we achieve a rate of convergence 3%, optimal in the sense that it approaches the

numerical integrator’s order o when the kernel becomes smooth (s — o0).

We demonstrate the efficiency of the algorithm on three typical examples: the granular media model with a
quadratic kernel (Section 4.2), the opinion dynamics with a piecewise linear kernel (Section 4.3), and the repulsion-
attraction system with a singular kernel (Section 4.4). In each example, our algorithm leads to accurate estimators
that can reproduce highly accurate solutions and free energy. For the smooth quadratic kernel, our estimator
achieves the theoretical rate of convergence. For non-smooth piecewise linear kernel and the singular repulsive-
attractive kernel, our estimator converges at lower rates.

The remainder of the paper is organized as follows. We present the learning algorithm in Section 2, where we
introduce the error functional and the estimator, discuss the choice of basis functions for the hypothesis space, pro-
vide practical guidance on regularization and dimension selection. Section 3 studies the rate of convergence of the
estimator when the space mesh refines, with the technical proofs postponed in Appendix A. Numerical examples
in Sections 4 demonstrate the efficiency of our algorithm on the three examples. We discuss the limitations of this
study and directions for future research in Section 5.

Notation We will use the notations in Table 1. We denote by | - [ and | - |50 the L norm and the W
norm, respectively, on the corresponding domains. For example, |u |, and ||u[; o denote the L*(£2 x [0,7']) and
Whe(Q x [0,T]) norms,

u(@, )]l oo = Vel + [l -

|lull,, = sup

2€Q,te[0,T']
Similarly, || ¢« and | @] .o denote the L* and W*®) norms on supp(pr), respectively.

2 Inference of the interaction kernel

We introduce an efficient algorithm estimating the interaction kernel by least squares in a nonparametric fashion.
The key is a probabilistic error functional, which is the expectation of the negative likelihood ratio of the diffusion



process whose Fokker-Planck equation is the mean-field equation. Our estimator, the minimizer of the error func-
tional, is then an extension of the maximal likelihood estimator. Remarkably, we can compute the estimator and the
error functional without using any spatial derivative of the solution, allowing us to recover the interaction kernel
from discrete data. We also discuss the function space of learning, the choice of basis functions and selection of
dimension for the hypothesis space, and regularization.

2.1 The error functional and estimator

Suppose first that the data is a continuous space-time solution » on [0, T'], we derive an error functional from the
likelihood of the diffusion process (X;,t € [0,7]) described by the mean-field equation. More precisely, Eq.(1.1)
is the Fokker-Planck equation (or the Kolmogorov forward equation) of the nonlinear stochastic differential equa-
tion (see e.g.[26])

L

(X0) =u(,1),

for t > 0. Here £(X;) denotes the probability density of X; if u is a regular solution, or the probability measure
of X, if w is a distribution solution, depending on the initial condition and the interaction kernel. In either case, we
can write the convolution as

Xt <

Ky xu(Xe,t) = E[Ky(Xe — X]) | Xe] = E[o(| X — X{]) \ | | Xil,

- X
where X/ is an independent copy of X;.
We start from the ambient function space for the interaction kernel: L?(pr), where pr is the average-in-time
distribution of | X] — X¢| (denoted by p;) on [0, T]:

1 (* o
pr(dr) := Tfo pi(dr)dt, pi(dr) = E[6(| X, — X¢| € dr)]. (2.2)

Note that pr depends on the initial distribution u(-,0) and the true interaction kernel ¢. We point out that the
measure pr is different from the empirical measure of pairwise distances in particle systems [24, 23, 21], because
X; and X/ are independent copies and are no longer interacting particles. However, in view of inference, the high
probability region of pr is where — X/ | explores the interaction kernel the most, as such, the natural function
space of learning is L?(pr). Also, the space L?(pr) ensures that our error functional below is well-defined.

Theorem 2.1 (Error functional) Let u be a solution to (1.1) on [0,T] with interaction kernel ¢. Let 1) € L? (pr)
with pp in (2.2), U(r) = §; ¥ (s)ds and Ky (x) = VU(|z|). The error functional

1 (T
E) =7 f j [|Kw s u|2u + 200u(W * u) + 2vVu - (Ky * u)] dx dt (2.3)
0 JRrd
is the expectation of the average-in time negative log-likelihood of the process X, in (2.1). Furthermore, if ¢ €

WL, we can replace the integrand Vu - (Ky, * u) by —u(AW * u).

Proof. We denote by P, the law of the process (X;) on the path space with initial condition Xo ~ u(-, 0), with
the convention that Py denotes the Winner measure. Then, the negative log-likelihood ratio of a trajectory Xq 1}
from Py, relative to Py is (see e.g., [19, Section 1.1.4] or [16, Section 3.5])

Ez. .. (¢Y) =—2log Py _ fT (|1 Ky = u(Xy)Pdt + 20Ky = u(Xy), dX,))
7 ClP¢ 0 P t P t)s t/) >

where % is the Radon-Nikodym derivative.



Taking expectation and noting that dX; = — Ky * u(X;)dt + v/2vdB;, we obtain

1 (T = v Y
Eg)_([o,:r] () -7 L E [|K¢ * “(Xt)‘Q — 2Ky # u(Xy) - Kg = U(Xt)] dt.
1 (" 2
:J j (15 % s — 20K v ) - (K # )| dv di, 2.4)
T 0 JRd

where we used that the fact that for any v, ¢ € L?(pr) (recalling that u(-, t) is the law of X}),

E[Ky * u(Xy) - Kg +u(Xy)] = fRd u(Ky xu) - (Ky *u) dz.

Noticing that Ky, « u = VWU % u = V(¥ % u) for any ¢ = ¥ and using (1.1), we have
T T
f f w(Kg xu) - (Ky *u)d dtzf f w(Ky *u) - (V¥ *u)de dt
0 JRd 0 JRrd
T
=— f j (V- [u(Ky *u)])V *udx dt ( by integration by parts (IbP))
0 Jrd
T
=— j f (0w — vAu)(V + u)dx dt  ( by Equation (1.1))
0 Jrd

T T
=— f Opu(V * u)dx dt — Vf Vu - (Ky * u)dz dt, (by IbP). (2.5)
0 Jrd 0 Jrd

Combining (2.4), (2.5) and (2.3), we obtain

R+ 1 K 20— 2u(K K dr dt = € 2.6
@ =7 [ [ 1Ko v ufu=2uy ) o] dedt =gy o

At last, from integration by parts, we can replace the integrand Vu - (Ky xu) by —u(AW#u) if o € Wh*, [

To simplify the notation, we introduce the following bilinear form: for any ¢, ¥ € H,
1 T
(00) =g | [ (Fowu) Gy wu)ute, )da

T 0 R4
1 T

=— f f Ky(y) - Ky(2) J u(z —y, t)u(z — 2z, t)u(z, t)dedydz dt
T 0 Rd JRd Rd

= ||, 6tryts) Brtrs)prtanpr(as) @7)

R+ JR+

where the kernel Rr(r, s), obtained by a change of variables to polar coordinates, is

B (Ts)d_l T
Ry(r,s) = 77T L de Ld JRd &-nu(x —re, t)yu(z — sn, t)u(z, t)ded{dn dt. (2.8)

Here p/,. denotes the probability density of the measure pr and S? denotes the unit sphere in R?. The integral
kernel Ry is a Mercer kernel on LQ(ﬁT) and it defines a reproducing kernel Hilbert space (RKHS), which is a
function space of learning and we denote it by Hp,  (see Remark 2.4 for details).

Then, in view of (2.6), we can write the error functional as

E(W) = (0, ¥) =2(v,8) = (b = &, ¢ — 6) — (¢, 9) - 29

Note that it is quadratic, so we can compute its minimizer on a finite-dimensional hypothesis space by least squares.



Theorem 2.2 (Estimator from continuous data). For any space H = span {¢;};_, < L?(pr) such that the normal

matrix A in (2.11) is invertible, the unique minimizer of the error functional £ on H is given by
n

On = Y Gibi, withe = A™'b. (2.10)
i=1
where the normal matrix A and vector b are given by (with ®;( So ®i(s)ds)
= (¢i, 0;) = f f (K, = u) - (Kg; * u)u(z,t)dz dt, (2.11)
bi = (¢, ¢i) = —f [Oiu @; + u — vV - (K, * u)| dx dt. (2.12)
T 0 R4

Again, we can replace —Nu - (Kg, * u) by u((V- Kg,) * u) if ¢; € WH*.

Remark 2.3. We set ®;(0) = 0 for the anti-derivative of ¢; for simplicity. In general, the constant ®;(0) does
not affect the integral Sg S]Rd Oru P, * udxdt in (2.12), because for any constant ¢, we have ¢ * u = c¢ and
Sér Spa Orucdzdt = ¢ §pqu(x,0) —u(z, T)dt = ¢ —c = 0.

Proof. Recall that with the bilinear form (2.7), the error functional can be written as (2.9). For each ¢ =
2?:1 c;¢; € H, we can write the error functional as,

EW) =E(c) = Ac—2b"¢, (2.13)

where A is given by (2.11) and b are given by

bi = (&, ¢i) = f f (Kgp*u) - (Kg, *u)u(z,t)de dt

1
—= j (Opu — vAW) (P; * u)dx dt
T 0 R4

1 (" 1 (7
—= f f Opu(P; * w)dr dt — v— j Vu - (Ky, *u)dz dt,
T 0 R4 T 0 Rd ‘

where in the last equality, we used integration by parts to get rid of ¥ Awu. Applying integration by parts to SRd Vu-
(K4, * u) and note that V (K, * u) = (V- Ky,) * u, we obtain (2.12).
Since the error functional is quadratic, the minimizer can be given explicitly by (2.10). O

Remark 2.4 (RKHS, identifiability and ill-posedness). The integral kernel Ry is a Mercer kernel and it defines an
RKHS HET c L%(pr), a function space on which the loss functional € has a unique minimizer. Roughly speaking,

the RKHS is the image of an operator, i.e., Hp == L’% 2L2(,5T), where 'CET is the integral operator
T

Lrpe = |0 Retrs)pr(arn). for o< (o), .14
Note that we have from the definition of the bilinear form (2.7):

(o, ¥) = <. L, VD12(pr)- (2.15)

Thus, the Frechét derivative of the loss functional on L*(pr) is £'(¢) = EﬁTap — £§T ¢, which has a unique zero

on HET' Thus, if the true ¢ is in Hgp o 1S identifiable by the loss functional £ as the unique minimizer of £

in Hg, . Meanwhile, note that we are actually solving ¢ = C%l [EET ¢| with ,CETQZ) estimated from data. This
T

inverse problem is ill-posed because ERT is a strictly positive compact operator and its inverse is unbounded. We

refer to [20] for more discussions on these issues.



Remark 2.5. The normal matrix’s invertibility depends on the basis functions {¢;}—_, of H. Its smallest eigenvalue
is the smallest eigenvalue of the integral operator with kernel Ry on H (see Proposition 3.4). Thus, to make the
normal matrix invertible, we need the coercivity condition in Definition 3.3.

Remark 2.6 (The PDE discrepancy error functional). Our error functional in (2.3) has two advantages over the
PDE discrepancy error functional

T
Eo(Y) = fo fRd V. (uw(Ky = u) — g|2da§ dt.

where g = Oyu—vAu. First, it requires the derivatives Vu and Au, because the integration by parts does not apply.
Numerical errors from approximating these derivatives can prevent this approach from working, particularly when
the data is not a perfect solution to the PDE. This is because the inverse problem is ill-posed (see Remark 2.4,
equivalently, the regression matrix A tends to be ill-conditioned). In our numerical tests with solution generated
by SPCC (see Section 4.1), this approach fails to produce any acceptable estimator in various settings. Second,
since u(-,t) is a probability density, all component of our error functional can be written as expectations, allowing
for Monte Carlo approximations, which is essential in high-dimensional problems (see Remark 2.7).

Estimator from discrete data When data are discrete in space-time, we approximate the integrals in the estima-
tor and the error functional by numerical integrators. For simplicity, we consider only data on a regular mesh for
d = 1 and use the Riemann sum. In practice, we could use higher-order numerical methods for the integration and
convolution, for instance, the trapezoid method for the integrals and Fourier transform for the convolution. Note
also that these integrations are expectations, so in general, particularly for high dimensional cases, the data can
also be independent samples of the distribution, and we approximate the integrations by the empirical mean.

Suppose that the data are {u(z,y,, tl)}n]\f’lj;l, with t; = IAt for L = T/At and with {x,,}}_, being a uniform
mesh of ) with length/area Azx. 7

From these data, we approximate all the integrals by Riemann sum. We approximate pr in (2.2) by its the
empirical measure:

| Lo MM

oM (dr) = 7 Z Z (o, U)W T, 81)0)0,— 1 (7)dr (2.16)
I=1m,m/'=1

With ¢ = Z?:l c;¢;, we compute the error functional in (2.13) by

gM,L(w) = EM,L(C) = CTAMyLC — 2b—|]\—/[7LC, (2.17)

where the normal matrix Ay 7, and vector b,z 7., approximating A and b in (2.11)-(2.12), are

L M
o 1 , ‘
A =7 20 2 [(Pran Phas) u] (@mst) A, (2.18)
I=1m=1
A 1 M . .
:I,M,L = —Z Z Z [atu Q%,M,L + V’LLR;/%M’L] (.fUm,tl)Ax (219)
I=1m=1

/L' 7/ ’L . . . . .
Here P, /1, @y, s, and R}, ; are Riemann sum approximations of K, *u, ®; *u and V Ky, * u, respectively,



and 0, u is the finite difference approximation of d;u

M
Plorp(@,t) = Y Ko (@m)u(@ — xm, t)Ax,
m=1
' M
Qo p(T,t) := Z O, (z)u(x — xpy,, t) Az,
m=1
| Iy (2.20)
Ry, oy () i= Z V- Ky, (xm)u(x — xm, t) Az,
m=1
L
atu :C t Z x tl x t1— 1)]1(t171»tz](t)'

A few remarks on the numerical aspects: (1) one can use high-order numerical integrators to increase the accuracy
of the spatial integrals; (2) we computed R’ ,, ; (x,t) assuming that the basis functions {¢;} are in W If {¢;}
are not differentiable, we can use Vu as in (j. 12); (3) in practice, we use zero padding for u by setting u(z;,t) = 0
if z; € 0Q; (4) also, we normalize the vector {u(x,,,t)}_; so that Z 1 Azu(zy,,t) = 1 for each t. This

ensures that > [é’/t\u Qi L] (@m, t;) does not depend on the constant $(0), as discussed in Remark 2.3.
Correspondingly, the estimator is

~ i s~ -1
Gnyr = Y, Corrr i With Guarr = AN borL (2.21)
-1

2.2 Basis functions for the hypothesis space

We consider two classes of basis function for the hypothesis space : the B-spline piecewise polynomials whose
knots are uniform partition of p7’s support; the RKHS basis consisting of eigenfunctions of the integral operator
with kernel R in (2.8). The B-splines are universal local basis, while the RKHS basis functions are global basis
adaptive to data.

B-spline basis functions B-spline is a class of piecewise polynomials, and is capable of representing the local in-
formation of the interaction kernel. Here we review briefly the recurrence definition and properties of the balanced
B-splines, for more details we refer to [29, Chapter 2] and [25].

Given a nondecreasing sequence of real numbers {rg,r1,...,7r,} (called knots), the B-spline basis functions
of degree p, denoted by {N; ,}.", 0 , is defined recursively as

N‘[)(T’)* 1, r <r<rig,
b 0, otherwise,

rT—7T;

(2.22)

Titp+1 — T
Nip-1(r) + —— Nit1,p-1(r).
Titp — Ti Titp+1 — Ti+1

Nip(r) =

Each B-spline basis function NN; , is a nonnegative piecewise polynomial of degree p, locally supported on [r;, 7i4p+1],
and it is p — k times continuously differentiable at a knot, where k is the multiplicity of the knot. Hence, continuity
increases when the degree increases, and continuity decreases when knot multiplicity increases. Also, it satisfies
partition unity: for each 7 € [r;, ri41], 25; Njp(r) = ZJ —ip Njp(r) =1

For f € Wk®, denote fy its projection to the linear space # of B-splines with degree p > k — 1 and denote
D) f the k-th order derivative. We have [25, p.45, Theorem 17]

|f = fulloo < Coh¥ | D™ £ o5, (2.23)

where C), is a constant depending on p, and h = max; |r; — r;_1].



We set the knots to be uniform partition of the support of pr, with augmented knots at the ends of the support
interval, say [ Rmin, Rmaz],

Rminzr—p+1 =---=79 <7"1 < --- grm = ... :Tp+m—1 :Rmzn
We set the basis functions of the hypothesis H, whose dimension is m + p, to be
¢i(r) = Ni—pp(r), r>0,i=1,...,m+p.

Thus, the basis functions {¢;} are degree-p piecewise polynomials with knots adaptive to pr.

The RKHS basis The RKHS basis functions {¢;} are the eigenfunctions of the integral operator with kernel
Rr(r, s) (defined in (2.8)) on L?(p7) , that is,

Lz, 0i(s) = o ¢i(r) R (r, 8)pr(dr) = Nigi(s), in L*(pr). (2.24)

Thus, we have (@i, ¢;) = \i¢i, #j)12(p,) = Aidi—j and it leads to a diagonal normal matrix A in (2.11). We
estimate these eigenfunctions from data. Hence, the RKHS basis is adaptive to data.

We compute these eigenfunctions by eigen-decomposition of the matrix (Rz(r;,7;)) on a mesh when its size
is manageable. When the mesh size is large, we can compute them using a linear transformation from a more
convenient basis. That is, we start from linearly independent functions {v;}!" ; (e.g., B-splines) and evaluate
A = (¢i,;) and P = {®i, #j)12(py)> then we solve the generalized eigenvalue problem Ao = M\Pa for
eigenvectors {cy, € R™}7_, such that aZPoq = 0. Then, the eigenfunctions are given by ¢; = > ', a; 13 (we
refer to [20] for more details).

2.3 Regularization

In practice, the approximate normal matrix A,, 5/ 7, in (2.18) may be ill-conditioned or invertible, which is likely
to happen when the dimension of H increases because of the vanishing eigenvalues of A and the numerical errors.
The ill-conditioned normal matrix may amplify the numerical error in b,, 57,7, in (2.19). To avoid such an issue, we
use the Tikhonov regularization (see, e.g.,[14]), which adds a norm-induced well-conditioned matrix to the normal
matrix.

More precisely, we impose a regularization norm ||-||| (to be specified below) such that for any ¢ = > | ¢;¢;,
the matrix B in ||¢[|* = ¢" Be is well-conditioned. We then minimize the regularized error functional (recall
(2.13))

Ex(®) = E@) + A[Y[|°> = c"(A+AB)c—2b'e,

and the regularized estimator is
n

ox =D chdi, o = (A+AB) . (2.25)
i=1

Regularization norm We consider two regularization norms |||-|| and many other options are possible. For the
RKHS basis, we use B;; = d;;, which is the common choice [7]. This is equivalent to having a prior knowledge that
the coefficient c is small. For the spline basis, we choose || f[| = [ ] g1(q). and in this case B;; = (¢, ¢j>>H1(Q).

This is equivalent to the prior assumption that K of the true interaction kernel has H'((2) regularity.



Regularization parameter by L-curve We select the parameter A by the L-curve method [14]. Let [ be a
parametrized curve in R?:

() = (2(2), y(N) = (1og(& (62 log([| ]|
Note that 5((?5;) =cy TAcy—2bTcy, and ‘H@\H
of [. In practice, we restrict A in the spectral range of A:

=cy 1 Bc). The optimal parameter is the maximizer of the curvature

(2.26)

.’Il'/y” _ .’Il'/y”
Ao = arg max k(l) = argmax (12 1 12)3/2°
/\min(A)g)\g)\max(A) )\min(A)S/\S)‘mﬂX(A) (117 + y )

This Ao balances the error functional £ and the regularization (see [14] for more details).

2.4 dimension of the hypothesis space

The dimension n must neither be too small nor too large to avoid under-fitting or over-fitting. Theorem 3.7 suggests
that the dimension is n ~ (Az)~®/(*1) where (Az)® is the order of convergence of the numerical integrator in
the evaluation of the normal matrix and normal vector, and s is the order of decay for the distance between the
true kernel and the hypothesis space. For B-spline bases, the approximation error bound in (2.23) suggests that
s = k for ¢ € W™ when we select the degree p > k. This theoretical dimension provides only an estimate on the
magnitude. In practice, to find the dimension, we first select a range [Ny, N3] for the dimension; then we choose
the n that minimizes the regularized error functional.

2.5 The algorithm

We summarize the method in this section in Algorithm 1.

Algorithm 1 Estimation of the interaction kernel

Input: Data {u(z,, tl)}%fl ;—1 on the space mesh {xm}%zl with width/area Az and time mesh {t; = ZAt}ZTZO.

Output: Estimated qb
1: Estimate the empirical density p 7 in (2.16) and find its support [Roiins Rmaz]-
2: Select a basis type, RKHS or B-spline, and estimate a dimension range [ N1, N3], compute the basis functions as described
in Section 2.2.
forn = N; : Nodo
Compute the normal matrix and vector as in (2.18)—(2.20).
Determine the optimal regularization constant A\ by (2.26).
Solve ¢,, by (2.25) and record the regularized cost C'(n) = Ex, (D, chdi).

Select the dimension by n* = arg max C(n).
ne{N1,N1+1,...,Na}

. ~ ¥
8: Return the estimator ¢ = > " | ¢! 4 &;.

AN A

Computational complexity Given data {u(z;, tl)}%’:%’lzo, where M is the space grid size (it is exponential in
the space dimension d) and L is the number of time steps. Let n be the number of basis functions in the hypothesis
space. The computational complexity of our algorithm is O((n? + n + 1)M?L): the computation of the measure
prs An (i, k) and by, a7 1, (7) each is O(M?L). The computational cost of the solution to the least squares and
regularization is negligible since n is orders of magnitudes smaller than M?2L.

Scalability for data consisting of many solutions Our algorithm can efficiently deal with data consists of many
solutions {u(®) (z,y,, tl)m 0= o}, through paralleled computation. It can first compute the normal matrix and
vector for each solution in parallel, then assemble the matrices and vectors for least squares regression with regu-
larization.
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Remark 2.7 (High dimensional case by Monte Carlo). When the space variable x € R? is high-dimensional (with
d = 4), it becomes impractical to have data on mesh-grids since the data size increases exponentially in d. One
would consider the setting when data consists of samples from the probability densities u(-,t). In this setting, our
algorithm applies directly because all the spatial integration related elements (pr, the normal matrix A and vector
b) can be written as expectations, which can be approximated by Monte Carlo. The computational complexity will
remain the same as above with M being the sample size. We leave this as a future direction of exploration.

3 Convergence of the estimator in mesh size

We analyze the convergence of the discrete-data estimator (2.21) to the continuous-data estimator (2.10) as the
mesh refines.

We denote by || the Lebesgue measure of €2 and denote by Ry, its radius. Note that support of pp is [0, Rq]
though € is in R?. For simplicity, we consider only the case when 2 = [a,b] € R! and the generalization to a
higher dimension is immediate. We assume that the data are

M,L
m,l=0’

Data:  {u(z,, 1)} Tm = a +mAx,t; = At (3.1

with M = (b —a)/Ax and L = T /At.
In this section, we make the following assumptions on u and the basis functions of 7.

Assumption 3.1 (Constraints on hypothesis space). Let the basis functions of H = span{¢;}!'_, are uniformly
bounded in W*® ([0, Rq]) with notations

1, 2,
fy == max |, ¢ = ax |ill1.00, €577 = max |pill2,00 < 0. (3.2)

1<isn I<i< 1<i<

Assumption 3.2. Assume that solution u € W% (Q x [0, T]) satisfies |ul2,0 < 0.

We remark that the second order derivatives of the solution are necessary to control of the Riemann sum
approximation of the integrals. With stronger regularity on the solution and higher-order approximations of the
integrals than the Euler scheme, one can obtain higher order convergence in space and time. In the other direction,
since these integrals are expectations, they can be approximated Monte Carlo, we expect to remove these regularity
assumptions in forthcoming research.

To make the estimators in (2.21) and (2.10) well-defined, the normal matrices must be invertible. We introduce
the following coercivity condition to ensure it. It extends of the coercivity condition for /V-particle systems defined
in [21, 23, 24].

Definition 3.3 (Coercivity condition). The system (1.1) on [0,T] satisfies a coercivity condition on a finite-
dimensional linear subspace H = L*(pr) with pr defined in (2.2) if

cuT = inf (h,h) >0, (3.3)
heH, [l 2 ) =1

where (-,-) is defined in (2.7). When H < L?(pr) is infinite-dimensional, we say coercivity condition holds on H
if it holds on each of H’s finite dimensional linear subspace.

We show that the coercivity constant is the smallest generalized eigenvalue of the normal matrix A in (2.11).
The generalized eigenvalue problem appears because A is a representation of the integral operator in (2.24) on H
[20].

Proposition 3.4. Assume the coercivity condition holds on H = span {¢;}.—_,. Let A be the normal matrix in
(2.11), and let P = {¢;, ¢j>L2(ﬁT)- Then, the smallest singular value of Ac = APc is Apin = C3.T.
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Proof. Lety = Z?:l ci¢; € H with ¢ satisfying Ac = A\ P, that is, ¢ is an eigenvector for A,,;,,. Thus, by the
coercivity condition,

A'ran"z}”%%ﬁT) = Ammc Pc = CTAC = <<w 77/}>> CH,T Hq/}”LQ (pr)

Thus, A\pin = c 7. Note that the space H here is finite dimensional, the infimum in the definition of coercivity

constant is attained by some ¢* = > | v;¢;. Since Ay is the minimal eigenvalue, we have ¢y 7 [|¢* H%g( o) =

(", 0*) = vT Av = Apin " Pv = Apin [% |72, Hence, we have Apin = c3,7. O
3.1 Error bounds for the estimator

‘We show that the estimator qgn M, in (2.21) converges as M — o0 and L — 0.

Theorem 3.5 (Error bounds for the estimator). Suppose that the hypothesis space H = span{¢;}!' ;| satisfies

Assumption 3.1 and denote (En the projection of ¢ on H < L?(pr). Suppose that the coercivity condition in
Definition 3.3 holds on H with a constant cy 7 > 0. Then, the estimator ¢, nr,1, in (2.21) satisfies

H(gn,M,L - $n|‘L2(ﬁT 203‘-[ T Uma:v < b\/7 + C n “¢HL2 ) (Am + At)7 (3-4)

where ¢ 1= 2|Q|(1 + ]Q\)( )2 HuH?OO = 3|Q|(1+ Rq + V)ci’oo(HuHioo + [ullg,0) and Ormay is the square
root ofthe largest ezgenvalue of P = ({i, $)12(pr))-
Proof of Theorem 3.5. Notice that <$n M, and <$n are given by
~ n . ~ n .
GnL = DO ar 1B b = Y. Cii,
i=1

i=1

where ¢, a1, = A;,h,Lbn,M,L and ¢ = A~1b, we have

|Gnna,r — anHLQ(pT = \/(En v, —¢)TP(Cy 1 — €)
< Omax ch M,L — CH = HAn MLbn,M,L — Aile .

Also, by the formula A;}\LL —Al =4 ﬁ\/[ (A=A, )AL, we have
HAn M,L bn,vL — le HAn M,L (bn,n, — b) + (A;ML A_l)bH

<[5k (Buacs =0+ 14w ane — 4] - [4710]) .

-1

By Proposition 3.8, for small enough Az and At, we have |A — Ay, a7 1| <

CH,T -1
5. Hence HA”vaLH < 2eq,1

Note that [A~16] =[x
Proposition 3.8. O

< ||¢] 12(5,y 1s independent of the mesh size. Thus, we obtain (3.4) by (3.6) in
L2(pr) pr

Remark 3.6 (High order numerical integrators). For a fixed n, the rate of convergence is the same as the order of
the numerical integrators in the computation of A and b. Hence, when the solution and the kernel are smooth, we
can achieve faster convergence by using a higher order numerical integrator.

The next theorem shows that as the spatial mesh refines, the estimator converges at a rate %, where a is the
order of the numerical integrator and s is the rate of decay of the approximation error by the hypothesis space
(thus, s is determined by the smoothness of the true kernel since we can tune the hypothesis space).
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Theorem 3.7 (Rate of convergence). Assume At = 0 and consider the estimator %n M, in (2.21) on H with
dimension n. Denote ¢, the projection of ¢ on H = L*(pr). Assume that as M = |Q|/(Az) — oo, we have
|bnnr,00 = Pnlr2(or) & n(AZ)Y, (for example, o = 1 in Theorem 3.5), and assume

~

|60 = blr2ry = n7°
with s = 1 when n increases. Then, with a data-adaptive dimension n ~ (Am)_a/ (

|G, 01,00 = S22 € (D) HD),

Proof. Note that the total error in the estimator consists of numerical error and approximation error:

SH), we can achieve the rate

|fn, 00 — Dl L2(57) < |bnrto0 — Oullr2(pr) + 60 — Ol L2050
Then, the total error is of the order g(n) = n(Az)~* + n~°. Minimizing it by solving ¢'(z) = (Ax)™* —
sz75~1 = 0, we get the dimension n ~ s~ Y+ (Az)*/(s+1)  and the corresponding rate of convergence is
(A‘,L,)—as/(s+1)‘ n

The exponent s depends on both the smoothness of ¢ and the hypothesis space H = span{¢;};" ;. When
¢ € W** and {¢;} are B-splines with degree p = s— 1 and uniform knots on supp(pr), we have ||¢— On oo S n°°
by (2.23) and hence Hqﬁn Al r2(pr) & n~°. Note that when the smoothness of ¢ increases (s — c0), the rate
<17 approaches a, the order of the numerical integrator. In high-dimensional case using Monte Carlo (see Remark

2.7), we conjecture the convergence rate to be s/(2s + 1) and leave it as future work.

3.2 Numerical error in the normal equation

In the proof of Theorem 3.5, the error in the estimator comes from numerical integrations in space and in time,
and the numerical errors are passed through A,, s 1, and b, 57,7,. We outline the main proof for the numerical error
bounds and leave the technical results in Appendix A.

Note that for each ¢, the integrals in space are expectations with respect to (-, ) and that

=19 ful, > f w(e, t)da = 1. (3.5)
Q

Proposition 3.8. The numeric error of Ay, a1, and by, v r in (2.18) and (2.19) are bounded by

|A— Aparr] < ne(Az + At),

(3.6)
[b—bp | < \/ﬁcb(A:U + At),

where the norm for matrix is in the Frobenius sense, and the constants ¢ := 2|Q|(1 + |Q|)(c;fo)2 HquOO and

& :=3|Q|(1 + R + y)c?fo(\ + H’U,H2OO) are given in Theorem 3.5.

Proof. Using the notation D(f) in (A.1) with f = (K, * u)(Ky, * u)u, we have

|A; 5 AZ’ML| (f) + I{*, with

[( Ky, xu) - (Kg; *u) — Pﬁ,M,L PnML) ] (zm, t1)|Aw.

\\Mi

<D
L
To apply (A.1) for D(f), we estimate first V,,; f using (A.6) and (A.4):

H M[ Ky, * u)(Kd)J xu)u(x,t) ]H
Vot [(Kg, = u)(Ey, = )] lul + [[(Ky, = w)(Kg, = w)]], [Vapul,

</
< (2IQI [ulloe + 1) Jully o (€5)*.
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Note that (2| |ull, + 1) < 3Q]|lu|,, by (3.5). Thus, we have
D(f) < 3|2 [ul} o () (Az + At).
To estimate I f‘, note that by (A.3) and (A.4), we have

“Pé,M,LHOO < [ Kp, #u— P;L,M,LHOO + [ Ky, = ul,, < C;QOO\Q’ luly oo Az + .

Thus,

Plans| + 1K v ul, <267 when Az < 2min, |6/, /(c}” |2 [ul, ). Then,

1 <100 Jul | (B, ) - (K, ) = Piar - Plags|
<190 . e | Ko, = P2y | maoe ([P n ], + 1Ko vl )
1, 1, 2 1,
<10l 57 . 2] A2263 < 200 Jul? , () Ax
Combine the above estimates of D(f) and I fl, we have
]A _Ab ML’ 5]9‘ HquOO( ) (Az + At).

and the bound for || A, ar,r, — Al in (3.6) follows.
Next we analyze |by, ar,r, — b|. Using D(f) in (A.1) with f = u(V- Ky,) * u, we have

L M
10 = ff Oru®; * u drdt — [@@Z*u] T, 1]
' |T alo ;Z: ' (m 1) (3.7)
I=1m=1
1 LM . ,
I3 =7 Z ‘[@UCI) s u~+vu (V- Ky *u) — 5tUQ2,M,L+VURZ,M,L] T, t1)| Az
lm 1

By (A.1) and the gradient estimate (A.7), we have

D(u(V- Ky, #u)) <

C?—t P11+ |ull ) (Az + At).
To estimate I3, note that dru in (2.20) satisfies Ha}\uH < |lul - Then, by (A.3), we have
w K
00 (@i w) = Gru @y s plloo < ully o [P w— @)y ar | < 1921(1+ Ra)efi Julf o, A,
Hu (V- Ky,%u) — UR£17M7L||OO < ul, |V. Ky u— R27M7L| < |Q|ci’loo ||u||§oo Ax.

Hence
I < |Q(1+ R +v)e3)” |ulf ,, Aw.

Together with the estimates of I? in Lemma A.4, we have

+ Jully ) (Az + At),

|b; = 0L, ar. | <8¢5 1QU(L + R + v)(

The estimate for |[b — by, a1 | in (3.6) follows. O
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4 Numerical examples

We demonstrate the effectiveness of our algorithm using synthetic data for examples with three typical types of
interaction kernels: the granular media model with a smooth kernel (Section 4.2), the opinion dynamics with
a piecewise linear kernel (Section 4.3), and the aggregation-diffusion with a singular repulsive-attractive kernel
(Section 4.4). In each of these examples, our algorithm leads to accurate estimators that can reproduce solutions
and free energy almost perfectly. Our estimator achieves the theoretical rate of convergence for the granular media
model, and obtains rates lower than the theoretical rates for the opinion dynamics and the singular repulsive-
attractive potential. !

4.1 Numerical settings

We first specify the numerical settings: the numerical scheme for data generation, the choice of parameters in the
learning algorithm, and the assessment of the estimators.

Settings for data generation. We solve the mean-field equation by the semi-implicit Structure Preserving scheme
of Chang-Cooper (SPCC) scheme for nonlinear Fokker-Planck equations introduced in Pareschi and Zenella [28].
The SPCC is second order accurate, preserves the steady state and the density properties of the solution u such as
non-negativity. In particular, for the explicit SPCC scheme, we need dt < 2(0d+;+ll), where C' = supq 0,1 |V«
ul; for semi-implicit scheme, we need dt < %.

In all the three examples, the data are discrete observations from the “true” solution on Q2 x [0, 7] with a fine
space-time mesh with dt = 0.001 and dz = 22 where T = 1 and Q = [a,b] with a = —10 and b = 10. This
setting preserves the steady state and the non-negativity of the solution u. The data are observed at every 10 space
mesh, i.e. Az = 10dzx (or equivalently, M = 300). To compute the rate of convergence, we down-sample the
data further to have a sequence of Az = kdz with k € {10, 12,15, 20, 24, 30, 50, 60, 75, 100}, correspondingly,
we have M € {300, 250, 200, 150, 120, 100, 60, 50, 40, 30}).

We summarize these settings in Table 2.

Table 2 Numerical settings in data generation and inference for all examples.

Notation Description
[0,7] =[0,1] and © = [—10,10] time interval and space domain
dt = 0.001 and dz = 20/3000 time step and space mesh size of true solution

time step and space mesh size of data

At = dtand Ar = kdr with k € {10,12, 15, 20, 24, 30, 50, 60, 75, 100}

ro = 0,7 = 10 knots for B-spline
W (u, ) the Wasserstein distance, defined in (4.1)
Elu, ¢](t) free energy flow, defined in (4.2)

Settings for inference algorithm. We estimate the interaction kennel ¢ by Algorithm 1. We test both spline
basis and RKHS basis. For the spline basis in (2.22), we use g = 0 and r,,, = 10. The range of knot number is
m € [3,40] for all three examples. We set the degree of the spline to be in {0, 1,2, 3} according to the smoothness
of each example. We obtain the RKHS basis functions by solving the eigenvalue problem (2.24) as described in
Section 2.2, and we set the dimension range to be 2, 50] for all examples.

We select the dimension of the hypothesis space under an adaptive regularization. That is, we find first the
optimal regularization constant for each given dimension of hypothesis space as in Section 2.3, then we select the
dimension as in Section 2.4. Figure 1 demonstrates this process for the opinion dynamics (the plots are similar for
other examples).

Results assessment in a typical estimation. In a typical estimation from data with Az = 10dz (or equivalently
M = 300), we assess the estimators in three plots: comparison of the estimators with the truth, the Wasserstein

"The MATLAB code for this project is available at https://github.com/QuanjunLang/
Learning-Interaction-Kernel-From-Mean-Field-Equation.
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Figure 1: Regularization and selection of dimension for the opinion dynamics (see Section 4.3) using degree 1 spline basis with knot
number 30. (a) the use of L-curve to find the optimal regularization constant and (b) shows the selection of dimension for the hypothesis
space.

distance between the estimated and true solutions, and the estimated and true free energy flows.

o Estimated and true kernels We compare the true and estimated kernels by plotting them side-by-side, together
with the density pr. The estimated kernels are from either B-spline basis functions or RKHS basis functions,
with dimension provided in the context. We also give the relative RKHS error and relative L?(pr) error.

e Wasserstein Distance The solutions from the true and estimated kernels can not be distinguished by eyes. To
compare them, we compute the 2-Wasserstein distance between them. We consider two sets of solutions, starting
from either the original or a new initial condition 7g. We set g to be the average of the density functions of
N(2,1) and N'(—2, 1), whose major mass is in the support of p7. Recall that the Wasserstein distance Wa(f, g)
of two probability densities f and g over €2 with second order moments is given by

1/2
Wa(f.g) :=< mt | Q|x—y\2dv<x,y>) , @1

vel'(f.9)
where T'(f, g) denotes the set of all measures on 2 x  with f and g as marginals (see e.g.,[1]). We use the
numerical method for Wasserstein distance as in [18]. This method is based on an observation in [5]. More
precisely, suppose F' is the probability distribution induced by the density f and define its pseudo inverse by
setting, for a € (0,1), F~(a) = inf{z : F(x) > «}. Similarly we have G and G~!. Then the L? distance of

1/2
the pseudo inverse functions da( f, g) = (Sé [F~Y(a) -Gt (a)]Qda) is equal to the 2-Wasserstein distance
W2 (f7 g) .

e Free Energy We also compare the true and estimated free energy flows. The free energy, whose Wasserstein
gradient gives the mean-field equation [4], is defined by

Blu,o)(t) = v |

u log(u)dx + J
R4

u(u * ®)dx, with ®(r) = JT o(s)ds. 4.2)
R4 0

A~

The true and estimated free energy flows are E[u, ¢|(t) and E[u, ¢](t), respectively.

Rate of convergence. We test the rate of convergence of the estimator in L?(pr) error and empirical error
functional £y7,7, in (2.17), as Ax changes. We consider the downsampled data with Az = kdz, where k €
{10, 12, 15, 20, 24, 30, 50, 60, 75, 100}. We use the spline basis, because the data-adaptive RKHS basis is not suit-
able for such a test.

For each estimator, we compute the ||¢ — <ZA>H 12(pr) by Riemann sum approximation. The measure pr, defined

in (2.2), is approximated from data by py in (2.16), using the data with the finest mesh Az = 10dx (equivalently,
M = 300).

16



We also compute the decay rate of the loss functional so as to show it decays faster than the L?(pr) error.
From data, we obtain a sequence of values for the error functional £y, L(qgm M,r) as in (2.17). We compute
its convergence rate 5 by optimization: suppose the error functional has the form Fj = anfj — v with the
multiplicative constant a and v = (¢, ¢) unknown, we compute 3 by

(8,7,a) = argmin Z |log(E}) + ) — Blog Azy — logal?.
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Figure 2: Learning results of cubic potential. Subfigure (a) show the solution formulating a steady state. (d) shows the estimated kernels,
superimposed with the empirical density p7. The relative errors are shown in Table 3. (b) shows that the Wasserstein distance between the
solutions are small. In particular, they all tend to the same steady state at large time. In (e) the free energy is well-learned. Subfigure (c)
and (f) show the rates of convergence of the L2 (pr) error and the error functional. The two rates are close to the rates in Theorem 3.7.

4.2 Cubic potential

The cubic potential ®(z) = |z|? (equivalently, ¢(r) = 3r2) is of special interest for modeling of granular media
[26, 6]. Since @ is only non-uniformly convex on a single point, the equation (1.1) possess a unique steady state
[6] and thus the SDE (2.1) is ergodic. We set v = 1 and take ug(z) to be the average of the densities of N'(1,0.25)
and N'(—1,0.25).

We use B-spline basis with degree 2, matching the degree of the true kernel.

Figure 2 presents the estimation results. Sub-figure (a) shows the solution u(z, t), which is dominated by the
diffusion. Subfigure (d) shows that the estimated kernels, either by B-spline or RKHS basis, are close to the true
kernel, with relative errors shown in Table 3.
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Table 3 Relative errors of estimators in Figure 2(d).

Relative error

Basis type | dimension | in L?(pr) (|¢| = 3.85) in RKHS (1/(¢, ¢) = 2.57)
B-spline 12 2.18% 0.79%
RKHS 14 5.83% 0.79%

Subfigure (b) plots the Wasserstein distances between true and reproduced solutions, showing that the solution
with the original initial condition is accurately reproduced. For the new initial condition %y, the Wasserstein
distance is relatively large at first and then decays to the same level as the original initial condition case. This is
because: (1) @, the mixture of N'(2,1) and N'(—2, 1), has a large probability mass outside of the “well-learned
region, the large-probability region of pr; (2) the system converge to a unique state state for different initial
conditions. Subfigure (e) shows that the free energy flow is almost perfectly reproduced. Subfigure (c¢) shows that
we nearly achieve the theoretical rate 5% = 1.5 in Theorem 3.7, where s = 3 because the B-spline has a degree 2
and o = 2 is the order of trapezoidal integration. Subfigure (f) show that the error functional converges at the rate
(Az)*32, much faster than the L?(p7) error’s rate.

4.3 Opinion dynamics

Opinion dynamics (see [27] and the reference therein) describes the evolution of opinions of agents in social
networks. We consider the case when the system formulates clusters of opinions: the interaction function f( }:U|) =

¢(|z|)/|z| is piecewise constant, 1, 0<r<3

fry=< 2, 3<r<4,
0, 4 <r.
and hence ¢(|z|) = f(|z|)|| is piecewise linear; the initial value ug(x) is density of the Gaussian mixture

NV (=2,1) + N (—4,0.5%) + N'(2,1)]; the viscosity constant is v = 0.1.
We set the degree of spline basis to be 1, since ¢ is piecewise linear.
Table 4 Relative errors of estimators in Figure 3(d).

Relative error

Basis type | dimension | in L?(pr) (|¢|| = 2.71) in RKHS (1/(&, ¢) = 0.65)
B-spline 29 36.67% 7.87%
RKHS 40 44.52% 8.17%

Figure 3 presents the estimation results. Subfigure (a) is the solution u(x,t), which shows three clusters
forming at time 7' = 1. Subfigure (d) shows the estimated and true kernels, with relative errors shown in Table
4. Subfigure (b) is the Wasserstein distance between true and reproduced solutions, showing that the solutions
are accurately reproduced. The Wasserstein distance increases because of the formulating clusters, which lead to
singular measures. Subfigure (e) shows that the free energy flow is almost perfectly reproduced. Subfigure (c) and
(f) shows the rates of convergence of the estimator in L?(pr) and the error functional. Due to the lack of regularity
of ¢, the rate 0.60 is smaller than the theoretical rate 5% = % in Theorem 3.7, where s = 2 because the degree
of B-spline is 1 and a@ = 2 is the order of trapezoidal integration. The error functional converges at the rate 3.00,

which is much larger than the L?(p7) error’s rate.

4.4 The repulsion-attraction potential

To model collision free particles, the repulsion attraction (RA) potential with singularity at 0 is widely used. We
consider the power law RA potential [4]:

P q
@(w)zﬂ—ﬂ, 2=2p>q>—d
p q
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Figure 3: Learning results of opinion dynamics. The solution in (a) formulates clusters. Subfigure (d) shows the estimated kernels,
with relative errors shown in Table 4. The Wasserstein distance in (b) shows that the solution is accurately reproduced by the estimated
kernel with spline, for both the original and new initial conditions. Subfigure (e) show that the free energy is almost perfectly reproduced.
Subfigure (c) and (f) show the rates of convergence of the estimator L?(pr) and the error functional. Due to the lack of regularity of the
true kernel, the rate in Theorem 3.7 does not apply.

When 0 < ¢ < 1, 0 is a singular point of ¢. When ¢ < 0, 0 is also a singular point of ®. We take p = 2 and
q = —0.5. To show the repulsion clearly, we use a small viscosity constant v = 0.01. We take the initial value g
being the mean of the densities of A/(2,0.25) and N'(—3, 1). We use B-spline basis with degree 1.

Figure 4 exhibits the estimation results. Sub-figure (a) shows the solution u(x,t), which demonstrate the
attraction and repulsion under the influence of diffusion. Subfigure (d) shows that the estimated kernels, either by
B-spline or RKHS basis, are close to the true kernel, with relative errors shown in Table 5. The large relative error

Table 5 Relative errors of estimators in Figure 4(d).

Relative error

Basis type | dimension | in L?(pr) (|¢|| = 10.72) in RKHS (1/(¢, ¢) = 1.60)
B-spline 27 48.83% 3.86%
RKHS 35 75.54% 4.07%

in L2(pr) is due to the singularity at the origin and that the measure pr does not reflect the repulsion. Nevertheless,
Subfigure (b) shows that the estimated kernel can reproduce accurate solutions, suggesting that the L?(p7) norm
may not be suitable for the assessment of the estimator of singular kernels. The slightly oscillating Wasserstein
distances indicate that the error in the estimator does not propagate. Subfigure (e) shows that the free energy flow
is almost perfectly reproduced. Subfigure (c) and (f) shows relatively low rates of convergence of the estimator in
L?(pr) and the error functional. The rates 0.27 and 1.37 are low: due to the singularity of the kernel at the origin,

the theoretical rate in Theorem 3.7 (2% = % with o = 2, s = 2) does not apply.
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Figure 4: Learning results of a repulsion-attraction potential. Subfigure (a) demonstrates a repulsion-attraction effect. The two clusters tend
to get closer, but not merging because of the repulsion. Estimators in (d) show that our method tries to learn the singularity at the origin.
The relative errors are shown in Table 5. (b) shows that the Wasserstein distance between the solutions are small. The free energy estimate
in (e) is close. Subfigure (c) and (f) show the rate of convergence for the estimator in LZ(ET) and for the error functional. These rates are
relatively low due to the singularity of the true kernel (and the rate in Theorem 3.7 does not apply).

5 Conclusion and future work

We have introduced a nonparametric learning algorithm to estimate the interaction kernel from discrete data with
a performance guarantee. From the likelihood of the diffusion process whose Fokker-Planck equation is the mean-
field equation, we derive a probabilistic error functional. Then, the algorithm learns the kernel on a data-adaptive
hypothesis space by least squares with regularization. The algorithm does not require spatial derivatives of the
solution, so it is suitable for discrete data. We prove that, as the space-time mesh refines, the estimator converges
in a weighted L2 space under an identifiability condition, at a rate (%%, where « is the order of the numerical
integrator and s is the rate of decay of the approximation error by the hypothesis space.
We demonstrate our algorithm’s performance on three typical examples:

o the granular media model with a quadratic kernel;
o the opinion dynamics with a piecewise linear kernel;

o the repulsion-attraction with a singular kernel.

In all the examples, the estimator is accurate, and it can reproduce solutions with a small Wasserstein distance
to the truth and with almost perfect free energy. For the granular media with a quadratic kernel, our estimator
achieves the theoretical rate of convergence. For the opinion dynamics and the singular repulsion-attraction model,
our estimator converges at rates lower than the theoretical rates.

There are many directions to extend the present work. We mention a few here:

e Non-radial interaction kernels. Many applications involve non-radial kernels, such as the Biot-Savart kernel
[15] and the local time kernel for viscous Burgers equation [30]. The major issue is the curse of dimensionality
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in representing high-dimensional functions. We expect to represent the function using the data adaptive
reproducing kernel for the regression.

e High-dimensional space. It becomes impractical to have data on mesh-grids when the dimension d of the
space is large, because the size of mesh-grids increases exponentially in d. It is natural to consider data
consisting of samples of particles and approximate the error functional by Monte Carlo. Our algorithm
applies and the rate convergence would be s/(2s + 1).

e Partial observations from large systems. When only partial agents of a large system are observed, it is an
ill-posed problem to estimate the position of other agents [31]. By the propagations of chaos, we may view
these particles as independent trajectories and estimate the interaction kernel from the SDE of the mean-field
equation.

A Appendix: errors bounds for the numerical integrators

We provide technical bounds on the error of the numerical integrator based on Riemann sum (the Euler scheme).
Let’s start with a reminder about the error of the Euler scheme.

Lemma A.1. Let x,, = mAx and t; = [At be the mesh given in (3.1). Suppose that Assumption 3.2 holds true.
Suppose f € WH®(Q2 x [0, T]). Then the Euler scheme is of order /Ax? + At?, i.e.

o 1 T L.M

D(f) = |7 UO oty dadt— ) f(omt)AcAl] <101 [Varfl, (Ac+ A, (A1)
M l,m=1

Df) = || fude = 3 G utwn )5a] < (I9F1Le + 1901710 [Val..) A (A2)
m=1

Proof. Note that for © € [Zy,, Tm+1],t € [, t1+1], there exists (&, (;) such that

|f(@m,t) — f(@,8)] =|Varf(Em: Q) - (& — zm, t — )] < [VarfloV Az? + At2.

Note that vVAz? + At2 < Ax + At. Then, (A.1) follows from

B | L M
D(f) ng Z

=1 m=1YTm

Tm+1

t;
f |F (s t1) — (o D)|dxdt < |9 [Vasfl, VA2 + AL,
ti—1

Similarly, (A.2) follows from

M Tm+1
Di(f) < ), f [ (@, t) = flam)|ul@,t) + | f(@m, t)|[u(z, ) = u(zm,t)|] dz
m=1 m

x

SV g Ar + [ fllp [Vuly 2 Az,

where the last inequality follows from that > ot u(z, t)de = g u(z, t)de = 1. O

Lemma A.2. Suppose that Assumption 3.1 holds true. The errors of PfL’ ML Qf% w,r and Rf% .,z i (2.20), which
approximate Ky, * u, ®; x uwand V- Ky, * u, are bounded by

[P vr = Ko, xu, <1QUAT 5] o luly o < 719 July o A,
|Riar = (V- ) wul, < 1908 |64, ol < 7192l A, (A3)
||QZ,M,L — D = UHOO < Q|1 + Ro)ey ully o Az.
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Proof. Using the notation Dy(f) in (A.2) with f(-) = Ky, (x — -), we have,

||P727M,L - K¢-

K3

sul = sup DKy, (v =)
(z,t)eQ2x[0,T]

< sup ([VEg (@ =), + Q1K (z =), [Vuly,) Az
(,£)eQ2x[0,T]

Recall that we denote Ky, () = ¢z(|$})ﬁ For x # 0, we have di|x| |x

2 i) = L (e 2 ) = i)+ ) BT < i)

Thus, |[VKg, (xz — )|, < |#i]., and [|Kg, (x — )|, < [¢i].,. Together with (3.5), we have

| and

| Prns = Ko, xul o < (5], + 19016l | Vullp) Az < (91 3]y 0 [l o0 Az

Note that V- Ky, = ¢(|z]). Then, the same argument leads to the estimate for R}, ,, ;
Similarly, from the definition of Q’ M,L and the notation in (A.2), we have

|Qiarp —®ixul, < sup  [Dy(®i(lz —]))|
(2,1)eQ%[0,T]

<sup [[V®;([z —-|)o, + Q[ ®illz = Do [Vul o] Az

el

< (14 [9Q[Rq [Vul ) [dilloAz < QU + Ro) [9i] [uly o Az,

where the second last inequality follows from ®;(r) = {i ¢;(s)ds and ||®4] ., < |¢i]wRo- O

Lemma A.3. Suppose that Assumption 3.1 holds true. Then, for each 1, j,

|1 K, #ul, < il < oy (A.4)

IVt (Kg, *u)|, <IQUVarul, (66l < S (A.5)

[Vt [(K g, % u)(Kg, )], (h)*. (A.6)
[V (uV- Ky, 5 )|, < uly o e (1 + ul,)- (A7)

Proof. Note that |[u(-,t)| ;1) = 1 for each ¢. Then equation (A.4) follows from that

[ Ky, #ull, = sup [Kg, = ul-t)] o, < il |uC D)l 1) = 194l »
te[0,T]

Equation (A.5) follows from that V¢ (K4, * u) = Ky, * V,u and ‘K@] < | il,- Since

9 [ ), )], <2 e, 19 G w0 ) (o 1)

yeees Tl

we obtain (A.6) from (A.4) —(A.5).
From [[(V- Ky,) # ul, < [¢f],, and Vo (V- Ko, # )|, < [¢5] o, Vel we have

IVai (uV- Ko, x )|, < [Vagul [(V- Kg) # ul g + ullg [V (V- Ky, % u)]
<[] Vel (14 ) < €57 oo (1 + Julls)-
This gives (A.7). ]
Lemma A.4. For I f defined in (3.7), we have

I} < 265 Ra|Qf(lulf o + [ull0)(Az + At).
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Proof. Denote g(x,t) = ®; * u(x,t). Note that |®;| , < [¢i],, Ro < ¢ Rq. Then,

l9ls < [®illy < 3 Ras [Vargly < < ¢ Ra |ully 4 -

lji)te also that gt\u(a:m,tl) = u(xm’tl)_&(xm’t"l) = Oyu(xm,, t*) for some t* € [t;,t;41], we have |8tu(a:,t) —
0@, t1)| < (|0mtt] oo + |Onu] ) (Az + At). Thus,

sup |g(:n,t)é’tu(:r,t) — 6tu(acm,tl)g(:rm,tl)|
ze(xmvxm+1)7te(tl—17tl)
< s @) = gt 1l + ol [Pt - Gt )]
TE(Tm,Tm+1),tE(Li—1,4)
<(IVa,t9l [ 0rul o) (Az + At).
The, note that |V gl [0su] < 27 Ro( + Jlully o), we have

L M gy N
terX X)) ﬁ (@ )01u(z,1) — &z t)g(m, t)dod
1 & U _
< T Z 2 Az At sup ‘g(x,t)&tu(x,t) — atu(xm7tl)g($matl)‘
I=1m=1 CUE(xm,xm+1) tE(tl 17tl)
< 265 RalQ(Jul , + [uly.0) (Az + At).
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