AN INTERACTING PARTICLE CONSENSUS METHOD FOR
CONSTRAINED GLOBAL OPTIMIZATION
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ABSTRACT. This paper presents a particle-based optimization method designed for ad-
dressing minimization problems with equality constraints, particularly in cases where the
loss function exhibits non-differentiability or non-convexity. The proposed method com-
bines components from consensus-based optimization algorithm with a newly introduced
forcing term directed at the constraint set. A rigorous mean-field limit of the particle sys-
tem is derived, and the convergence of the mean-field limit to the constrained minimizer is
established. Additionally, we introduce a stable discretized algorithm and conduct various
numerical experiments to demonstrate the performance of the proposed method.

1. INTRODUCTION

In this paper, we are concerned with the following minimization problem with m equality
constraints,

o £
st. g1(v) =0, g2(v) =0, ..., gm(v) =0.

The above optimization problems have widespread application across various domains. For
example, in supply chain optimization, equality constraints play a pivotal role in maintain-
ing a balance between demand and supply [26]; astronomers employ constrained opti-
mization to calculate spacecraft trajectories, adhering to the laws of physics and orbital
equations [8, B8]; in structural design, engineers optimize dimensions of beams, columns,
or trusses while ensuring that the structural equilibrium equations are satisfied as equality
constraints [20]. In this paper we deal with the cases when the objective function can be
non-convexr and non-differentiable.
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Traditional algorithms like the Lagrange Multipliers [32] and the Alternating Direction
Method of Multipliers (ADMM) [37] lack guarantees of converging to the global constrained
minimizer when dealing with non-convex or non-differentiable loss functions £(v). A new
framework is required to effectively handle such cases, and recently, a class of gradient-free
methods called consensus-based optimization (CBO) methods [0, 29 36] have emerged
as promising approaches for handling non-convex and non-differentiable loss functions.
Motivated by the well-known Laplace’s principle [3, [10, 27], they are decentralized and
gradient-free algorithms that leverage the power of information sharing and cooperation
among individual particles. However, it is important to highlight that much of the existing
work has focused on the unconstrained case such as [5], 6, 9] [15], 177, 18, 22], 23], 24, 25| B0,
311, 34]. We refer the readers to survey articles [7, 21 [35] for a more detailed and complete
summary.

Limited work has been done for the constrained case. The primary challenge lies in
reconciling the CBO model’s tendency to drive agents towards the global minimizer with
the need for agents to remain within the constraint set and converge to the constrained
minimizer. Currently, there are mainly two approaches. One involves projection onto the
hypersurface [12] 13, 14]. However, this method is restricted to sphere constraints, and
its applicability to general constraints or multiple equality constraints remains unclear.
Another method introduces constraints as a penalized term in the objective function [4]
7], transforming it into an unconstrained problem for CBO. However, the convergence is
sensitive to the landscape of the objective function and the penalization constant, which
makes it difficult to achieve high accuracy.

In this paper, we introduce a third strategy for constrained CBO along with convergence
analysis and numerical experiments. Instead of performing projection onto the constraint
set or adding penalty terms, we propose a novel approach that combines the classical uncon-
strained CBO algorithm with gradient descent on the function G(v) = Y7 | ¢7(v), serving
as a forcing term to the constraint set. Importantly, we do not require the differentiability
of the target function £ and only need a mild differentiability condition on G. Compared
with the other two constrained CBO methods, our method applies to general equality
constraints, achieves faster convergence, and has consistently more stable performance as

shown in Figures [I] and [2|

1.1. Contributions. Our main contributions are three folds. Firstly, we introduce a new
CBO-based method for solving constrained optimization problems, with possibly non-
convex and non-differentiable objective functions. This method can accommodate a wide
range of equality constraints, including the ability to handle multiple constraints con-
currently. Secondly, we provide rigorous theoretical guarantees for the continuous-in-time
model of the proposed method. Specifically, we establish the mean-field limit of the method
and conduct a thorough analysis of its convergence behavior within this limit. Thirdly,
we present a stable discretized algorithm designed to approximate the dynamics of the
continuous-in-time model efficiently. Notably, this algorithm handles the stiff term of or-
der O(e™!) without requiring the time step to approach zero as € tends to zero.
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1.2. Organizations. The paper is structured as follows. Section 2 provides an introduc-
tion to the continuous-in-time stochastic differential equations, which serves as the model
for the proposed method. Following that, Section 3 studies the well-posedness of the intro-
duced SDEs and explores their mean-field limit. In Section 4, we analyze the convergence
properties of the method by establishing the long-time behavior of the mean-field limit.
This includes demonstrating, under appropriate assumptions, the convergence of the mean-
field limit model to the constrained minimizer. Section 5 details the implementation of the
algorithm, accompanied by a series of numerical experiments showcasing its performance.
Finally, Section 6 offers a comprehensive summary of the findings presented in this paper.

1.3. Notations. We use CF(R?) and C¥(R?) to denote the space of k-times continuous dif-
ferentiable functions defined on R that are bounded and compactly supported respectively.
The space C? is defined as

C2(RY) :={¢ € C*(RY)| |0s, 6(2)| < C(1+|zx|) and sup |0y, d(x)| < 00 for all k= 1,2, ...

zeRd

When X and Y are topological spaces, we use C(X,Y') to denote the space of continuous
functions mapping from X to Y. When X is a topological space, P(X) denotes the space
of all the Borel probability measure, which is equipped with the Levy-Prokhorov metric.
Given 1 < p < oo, P,(R?) is the collection of all probability measures on R? with finite
p-th moment, which is equipped with the Wasserstein-p distance, denoted by W,(-,-). If
p is a probability measure, p®Y denotes the probability space obtained by coupling p
independently N times.

|- ||, denotes the usual I” vector norm in the Euclidean space, || -||z1, denotes L* norm of
a function with respect to p and |- | denotes the absolute value of a real number. B*(z,r)
denotes the closed [*° ball centered at x with radius r. I; denotes the d x d identity matrix.
When u is a vector, diag(u) denotes the diagonal matrix with u being the diagonal.

Throughout this paper, we use the symbols C' and L to represent generic positive uniform
constants. It is important to note that these constants may take on different values in
different sections or parts of this paper.

2. THE DYNAMICS OF THE CONSTRAINED CONSENSUS-BASED OPTIMIZATION
ALGORITHM

In this section, we carry out the continuous-in-time dynamics of our method. The
practical discretized algorithm will be introduced in Section [5
Consider the following constrained optimization problem,

min E(v)
veER (1)
s.t. gl<v> = 07 g2(U> = 07 tt gm(v) = 0.

Here, we require the function g;(z) is first-order differentiable and assume that v* is the
unique solution to the optimization problem ([I)). It is noteworthy that Problem (I)) can be
reformulated equivalently as follows:
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st. G(v) =0,

where G(v) = 31" g2(v). Our method will be based on formulation (2)).

To start with, we take N particles VIV, V2N VNN which are independently sampled
from a common initial law p at initialization. Here we use V;"" for the location of the
i-th particle at time t. Now we introduce the following empirical mean measure:

N
R 1
dp (v) = ~ D b (v),
i=1

The goal of the dynamics is to encourage the measure dp to converge to the measure
0,+, which is the Dirac measure at the solution of the constrained optimization problem
. Now we propose the dynamics of the i-th particle, which follows the below stochastic
differential equation:

, . 1 ) . .
VN = AV = va() ) de = =9GN de+ oD dBy Y, 5
Voi’N ~ pPo,

where

R Wa\U R
o) = / PO P (1)
A

The dynamics are driven by three distinct terms. The first and third terms are inherited
from classical consensus-based optimization methods, while the second term is crafted as
a forcing term to enforce the constraint. We will now explain each of them in sequence.

The first drift term —A(Vf’N — Va(pr)) dt is formulated to guide all particles toward the
consensus point v, (p ). This consensus point is strategically chosen as a location where the
function is likely to achieve a small value. It is defined through a Gibbs-type distribution
where the weight w, is defined as

wa(v) = e~ EW)

Here X\ controls the force magnitude driving the particles towards the consensus point
Vo (Pt)-

The choice of the consensus point is inspired by the well-known Laplace’s principle
[3, 10, 27]. According to this principle, for any absolutely continuous probability measure
p on R? one has

lim (—élog(/wa(v) dp(v))) — inf £,

a—00 vEsupp(p)

It is expected that the consensus point va(p) serves as a reasonable approximation of
argmin,_; & (V") when « is sufficiently large. Consequently, the particles are gathered
to a location where £(v) attains a small value.
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The diffusion term O'DZ’N dBZ’N encourages particles to explore the landscape of £(v),
where Dz’N is a d x d matrix function that determines the way in which particles explore
the landscape and {BZ’N}Z-:LW’ ~ are independent Wiener processes. There are different

choices for the matrix function D{". One option is isotropic exploration [29], in which
DY is defined as:

Dy = 1V = va () lIsTa, (5)

where the norm used above is the usual L? norm of vectors in R?. Another option is
anisotropic exploration, first introduced in [6] to address the curse of dimensionality, in
which DI reads

D = ding (Vi = 0 (i) ). ()

In this paper, we use @ for its advantage in high-dimensional scenarios as illustrated in
6], 141, [16].

The two terms introduced above are consistent with classical Consensus-Based Opti-
mization (CBO) methods. Now we introduce a third term:

—%VG(VJ’N) dt,

which addresses the constraint {G = 0}. Since 0 is the minimum of the non-negative func-
tion G(v), finding the constraint {G(v) = 0} is the same as minimizing G(v). Therefore,
we propose the third term as a gradient descent of G(v), allowing G(v) to be minimized
during the algorithm’s progression. Here € > 0 is a parameter that controls the magnitude
of this term. When ¢ is small, this term will encourage particles to concentrate around
{G = 0}.

Before we proceed to the theoretical analysis of the model, we first present a comparison
result in Figures (1] and [2| to illustrate the superior performance of the proposed interacting
particle system compared to the projected CBO system [12] and the penalized CBO
system [4]. We defer algorithmic formulation to Section [5, and details of the experiments
to Appendix [H.1] respectively.

We conducted tests on a two-dimensional Ackley function (shown in Figure (1)), which is
a highly nonconvex optimization problem with constraints on a circular domain or para-
bolic curve. The success rate of finding the unconstrained minimizer v* and the averaged
distance to v* over 100 simulations are presented in the table shown in Figure [I Addi-
tionally, the evolution of the averaged distance to the true minimizer is depicted in Figure
2l Our method achieves a 100% success rate in finding the unconstrained minimizer and
demonstrates the fastest convergence rate in all experiments. The projected CBO per-
forms similarly to our method when the constraint is a circle, but it is not applicable to
parabolic curves. In contrast, the Penalized CBO exhibits a significantly lower success rate
due to two main reasons: First, when the constrained minimizer is not a local minimizer of
the objective function, the global minimizer v, of the penalized objective function usually
differs from the constrained minimizer v*. Second, although it is possible to increase the
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20 The proposed algorithm Projected CBO  |Penalized CBO
Sphe?'e'co.nsm'unt: Constrained 100% 100% 67 %
" minimizer is the same as 3 3 8.5% 10-3
10 unconstrained one 1x10 . =X
Sphere constraint: Constrained 100% 100% 0%
minimizer is d}fferent from 14 x 103 1.9%10°3 1.8% 10!
0L unconstrained one
S i Parabolic constraint: 100% 1%
- ) Constrained minimizer is 1.6% 103 N/A 1.03 x 10-2
different from unconstrained one
(a) Ackley function. (b) The success rate and averaged Euclidean distance to the

constrained minimizer.

Figure 1. Objective function and success rate of three constrained CBO methods.
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Figure 2. The averaged distance to the true constrained minimizer over 100
simulations.

penalty sufficiently to reduce the distance |[v;; — v*||s, the landscape is dominated by the
penalized term, making the objective function resemble a minor perturbation around the
penalty. Consequently, it becomes more challenging for the optimization method to locate
the global minimizer, and leads to a longer time for CBO to converge.

3. WELL-POSEDNESS AND MEAN-FIELD LIMIT

In this section we study some theoretical properties of the particle system described
by Equation . We consider anisotropic diffusion @ in both Section |3| and Section
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Consequently, the system defined by Equation transforms into the following form:
: . 1 4 . :
VN = A (VN = va () ) dt = =V G (V) d + adiag(v;” — va (7 )) dB",
€

Vg ~ po,
where s =1, ..., N.

When the number of particles NV is large enough, one could study the mean-field limit
as N — oo. This limit yields an equation that characterizes the macroscopic behavior of
the particles, specifically their density distribution. The investigation of the mean-field
equation reveals the long-term dynamics of the particle system, which is related to the
convergence of the particle system or the optimization method. However, prior to this
analysis in Section [4], it is necessary to establish the existence of the mean-field limit. In
this section, we establish the well-posedness of Equation @, its mean-field limit, and the
well-posedness of the resultant mean-field model.

Throughout this section, we make the following assumptions.

Assumption 1. (1) The loss function £ is bounded with inf & = £ and sup £ = £.
(2) There exist positive numbers L and C' such that for Vu,v € RY,

1€(u) = EW)]l2 < L([Jullz + [[vll2)[[u = vll2,
E(u) — € < O+ [[ul)3),
(3) There exists L > 0 such that for Vu,v € R,
IVG(u) = VG(0)]2 < Ljju—wvll,
(4) There exists C > 0 such that for Vu € R,
VG ()2 < Cl[v]lo.
Briefly speaking, in Assumption|1|(1) and (2), we assume the loss function £ is bounded,

locally Lipschitz and with at most quadratic growth. In Assumption |l| (3) and (4), we
assume the gradient of the function G is globally Lipschitz and with at most linear growth.

3.1. Well-posedness of the microscopic model. In this subsection, we establish the
well-posedness of the interacting particle system , as presented in the following theorem.

Theorem 3.1. For any N € N, the stochastic differential equation (@ has a unique strong

, N
solution {V;’N|t > O}‘ 2

X for any initial condition V;™ satisfying E[HVOZNHQ] < 0.

Proof. See Appendix [A.1] O

3.2. The mean-field limit and its well-posedness. By letting the number of agents
N — oo in the model (7), the mean-field limit of the model is formally given by the
following SDE

aVi = ~A(Vi = va(py) ) dt - %ve dt + odiag (Vt . (pt)> dB;. (8)
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Then the corresponding Fokker-Planck equation is

D1 — Adiv((v —valpy) + %v0> pt) v O; ;; Dy ((v — v (,Ot))ipt> )

Next, we will prove the above equations , @ are well-posed, and they model the mean-
field limit.

For the corresponding Fokker-Planck equation, we in particular study its weak solution,
which is defined as follows.

Definition 3.2. We say p; € C([O, T), P, (Rd)> is a weak solution to (@) if
(i) The continuity in time is in C, topology:

(9.dp1, ) = (0,dp.)
forN¥o € C, (Rd) and t, —t.
(ii) One of the following two equivalent equations holds for ¥¢ € C? (]Rd) :

6.0y == A (v—valp) ) - V(). o) — H(VGLw) - Vo(0),dp.)

2

(3 (0 o) st

or

0 :<¢, d¢t> — <¢, dp0> + )\/Ot<<v _ Ua(pT)) Vo), de> dr

+ % /Ot<VG(U) Vo(v), dp, ) dr — %2/Ot<i (v = va (pT))iakkczﬁ(v), dpr ) dr.

Remark 1. In the Deﬁmtion (ii), the test function space is C2(R?). We could extend
C2(R%) to a larger space C2(R?) as explained in Appendix@ which will be used in the proof
later. C2(R?) is defined below.

CI(R)
= {¢ € C*(RY)| |0k¢(z)| < C(1+ |zk|) and sup |Od(z)| < oo for all k =1,2,...,d}.

zcRd

In other words, if p; € C([O,T],P4(Rd)> solves equation (B/ i the weak sense as in

Definition then the two equalities in Definition 3.4 will hold for any test function
¢ € C2(R?).

Now we state the well-posedness result of and @

Theorem 3.3. Let £ satisfy Assumption and pg € Py (Rd). Then there exists a unique
nonlinear process V € C([O, T], Rd> , T'> 0 satisfying (@ with initial distribution Vi ~ po
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in the strong sense, and p; = Law(Vt) € C([O,T],P4(Rd)> satisfies the corresponding
Fokker-Planck equation @ in the weak sense with lim; .o p; = po.

Proof. See Appendix [A.2] O

Then we present the result showing that , @D indeed characterize the mean-field limit
of the particle system.

Theorem 3.4. Let £ satisfy Assumptz'on and py € Py (Rd). For any N > 2, assume
that {(VZN)}ZNzl 15 the unique solution to i with py™ distributed initial data {Vg’N}i]\il.
Then the limit (denoted by p;) of the sequence {ﬁiV}NeN, as N — oo exists. Moreover,

pr 18 deterministic and it is the unique weak solution to the corresponding Fokker-Planck
equation (@ of the mean-field model.

Proof. Please see Appendix [A.3] O

4. CONVERGENCE TO THE CONSTRAINED MINIMIZER IN THE MEAN-FIELD LIMIT

In this section, we will analyze the behavior of the weak solution of the Fokker-Planck
equation @D Recall that v* is the unique solution of Problem . Our primary goal
is to establish a key result: under suitable assumptions and the selection of appropriate
parameters, the particles will concentrate around v* with arbitrary closeness. This confirms
the effectiveness of the method in the mean-field limit.

For simplicity and without loss of generality, we assume &(v*) = 0. Throughout this
section, we use p; to represent the solution of Equation @ as defined in Definition

4.1. Main Results. To study the convergence of p; to v*, we define the following energy
functional

V(e =5 [ o= v Bdnto). (10)

The above defined quantity V(pt) provides a measure of the distance between the distribu-
tion of the particles p; and the Dirac measure at v*, denoted as d,+. Specifically, we have
the relationship

2V(,0t) = W22 (pt7 51}*)7

where Wy (pt, (51,*) denotes the Wasserstein-2 distance between p; and d,+. The diminishing
behavior of V(pt) indicates that p; is approaching §,«, implying that particles are concen-

trating around v*. In this paper, we establish the following main theorem concerning the
decay of V(pt).

Theorem 4.1. Suppose G and £ are well-behaved. Fiz any 7 € (0,1) and parameters
A, o > 0 with 2\ > 2. There exists a function I : R — R such that for any error tolerance
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5 € (0,V(po)), as long as po(B(v*,r)) >0 for all v > 0 and [ Gdpo(v) < I1(0), then one

can find o and € so that

i <9 11
i V) =0 "

. 1 V(o)
I =0 =0 % ( 5 ) | (12)

Furthermore, until V(pt) reaches the prescribed accuracy 6, the following exponential decay

holds:

where

V(ps) < V(po)exp (— (1 —7)(2A = a?)t). (13)

Remark 2. In the above theorem, the function I only depends on G, € and parameters
T, A\, 0. It does not depend on 6. The choice of o, e will depend on § as described in
and (@) respectively. Roughly speaking, when § is fived, we select a sufficiently large «,
and subsequently, based on this chosen «, we select a small enough €. Additionally, it is
worth noting that the selection of X and o remains independent of the dimension d, as the
only requirement is 2\ > o2. However, o will exhibit a logarithmic dependence on d as

illustrated in .

4.2. Assumption. In this subsection, we define clearly what it means by ”being well-
behaved”. G and £ are well-behaved if the following Assumption [2 is satisfied. It is
worth noting that Assumption [2] in this section is independent of Assumption [I} In other
words, for the proofs in this section, Assumption [1| is not required.

Assumption 2. A. Assumptions on &:
(A1) & is bounded: £ < E < E.
(A2) € is locally Hélder continuous around v*, i.e. there exists ro > 0 such that for
Yoy, vy € B®(v*,19),
[E(v1) = E(va)] < Clloy — va|3

for some C' >0 and 8 > 0.
B. Assumptions on G:

(B1) <VG(U),U — U*> > 0 holds for any v € R%.

(B2) G(v) € C2(R?) and there exists C > 0 such that G(v) < C||VG(v)|3 for Vv € R

(B3) VG(v) # 0 for Vv € {G(v) € (0,up)} and fG(v)E(O,uo) mdv < oo for some
ug > 0 small enough.

Remark 3. Assumption @ (B1) is related to the convexity of function G but is less strin-
gent than the convexity condition. If it is not satisfied, similar to other gradient descent
algorithms, there is a possibility for some particles to get trapped in the local minimizers
0 of G, i.e. Vg(v) = 0. Nevertheless, provided the function values E(v) at those local
minimizers of G do not fall below E(v*), a condition attainable by adding a positive scalar
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multiple of G to & without altering the solution v*, it won’t affect the convergence of the
consensus point to the constrained minimizer v*, as evidenced in the experiments detailed
i Section m Figure @ It is noteworthy that this slight adjustment on E(v) differs
from the penalization method outlined in [4]. Here, there is no necessity for the penalty
parameter to approach infinity, as the convergence is enforced through the dynamics rather
than penalization. The introduction of a positive scalar multiple of G to &€ is to avoid the
extreme case. Thus a mild penalization would suffice.

Assumption[d (B2) is primarily technical in nature. Assumption[d (B3) guarantees that
the gradient of G around the constraint {G = 0} does not vanish too rapidly.

C. Assumptions on the coupling of £ and G: The following holds for Yu € [0, uo]
where ug > 0 is a small constant.

(C1) There exist v, € R%, E, € R such that

v, = argmin £(v) and &, = E(vy).
ve{G(v)=u} _
Moreover, there exists a non-negative increasing function 7 (z) from R to R with
lim, o 71 (z) = 0 such that

|vy — v ||oe < 71(u) and
B> (vy,r) N{v | G(v) =u} # 0.
(C2) There existn >0, p >0, Ry > 0 and E > 0 such that

[0 = valloe < %(em — &)

for Vv € B*(v,, Ro) N {G(v) = u} and
Ex <E) =&y
for Yv € B*(v,, Ry) N {G(v) = u}.

Remark 4. The above Assumptz'on@ (C1) ensures the geometry of € on the set {G = u}
is similar among small enough u, i.e., on sets {G = u}, the constrained minimizers v, and
constrained minimums E(v,) are close among small enough values for w. To illustrate, if
this condition is not met, as depicted in Figure @ (a), the desired constrained minimizer
v* (depicted as a solid green pentagon) is considerably distant from the minimizer v, on
a nearby level set {G = u} (depicted as a solid orange circle) for all sufficiently small .
Consider an extreme case where we assume E(v,) is significantly smaller than E(v*) for
all positive but sufficiently small u. Due to the nature of gradient descent on G for each
particle, which may not precisely enforce each particle to remain on the constraint {G = 0},
these particles will tend to remain in a neighborhood of {G = 0}. Consequently, numerous
particles will cluster around {G = u} for sufficiently small u, as illustrated in Figure @
(a). Given that numerous particles are near v,, where the function value is significantly
small, the algorithm computes the consensus point around v, rather than v*. Consequently,
the consensus point will gradually lead particles to concentrate around v, rather than v*,



12 J. A. CARRILLO, S. JIN, H. ZHANG, AND Y. ZHU

Function Value
Function Value

y-axis

Figure 3. The blue curves represent function values on the constraint set {G = 0}
and the red curves on the level set {G = u}. Dashed lines represent corresponding
constraint sets. The green pentagon denotes the constrained minimizer v*, and the
orange circle represents the minimizer v, on the nearby level set G = u. Empty
circles represent particles.

as illustrated in Figure[3 (b), which leads to a failure in this extreme scenario. To avoid
the occurrence of such extreme cases, we proposed Assumption |4 (C1). In conjunction
with other assumptions, the similarity of the local geometry of £ on the set {G = u} for
sufficiently small values of u is guaranteed as established in Lemma [B.1].

The Assumption[d (C2) ensures that the constrained minimizer is distinguishable from
other points, i.e., on each adjacent level set {G = u}, there is a unique minimizer v, and

E(v) behaves like ||v — UUH}X/)“ near the v,.

4.3. Sketch of the Proof. In this subsection, we layout the strategy of the proof. The

forthcoming subsections , , and will introduce needed lemmas, propo-
sitions, and the complete proof of Theorem [4.1]

1
Initiating our analysis with Lemma in Subsection , we plug §||v — v*||2 into
Definition [3.2] This yields the following differential inequality:

SV(p) <~ (23— V() + VAR + 2V (0 [ (p0) — vl + G llvao) o1

It is noteworthy that if [jv (p:) — v*||2 could be bounded by a suitable scalar multiple of
V(pt), we would then obtain the inequality:

TV(e) < (= =12\ =)V (n) 9
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to which Gronwall’s inequality can be applied, ensuring exponential decay. Consequently,
in Proposition [I] in Subsection [£.5] we establish the following inequality:

(q + &Y + 1o (u) + 14 (max{u, 7"}))“
n
\/Ee—a(q—’rg(max{um})) / || || ( )
UV = VGw)l|2 dp v
pe(B>(v*, 1)) {Ge(0.u)} ©) '

\/Eefa(qf'rg(r» /
+ v — 0"l dp(v
pt(BOO<U*,7")) (G=0) || H2 pt( )

+ \/37'1 (u)

+/ ||U - v ||267a8(v) dpt(U)
{a(

v)>u} ”wa”Ll(Pt)

where ¢, u,r are parameters to be determined. It is observed that with an appropriate
choice of ¢, u, r, provided p,(B(v*,r)) is suitably bounded from below, as proven in Lemma
in Subsection [£.6], letting @ be sufficiently large will make the first four terms above
small enough. Concerning the last term, it is related to | G dp;(v), which can be controlled
by Lemma [4.6] in Subsection [4.7]

Consequently, we can control [[va(p:) — v*||2 in such a way that holds, thereby
ensuring exponential decay.

lva (1) = v"ll2 <2V -

4.4. Dynamics of V(pt) . In this subsection, we present the dynamics of the energy func-
tional V(pt).

Lemma 4.2. Let V(pt) be the energy functional defined in (@) Under Assumption@

Ly () < = 3= (o) + V2 + 0V (00) [0 1) = 7Tl + Sl () =1

dt
i *
- E/<VG,U —v >dpt(v).
Proof. See Appendix [D] O

4.5. Laplace’s Principle. One can notice, in the dynamics proved in the last subsec-
tion, there is an unknown quantity [[va(p:) — v*[2. As mentioned in Subsection if

|V (pt) — v*||3 could be bounded by a suitable scalar multiple of @/V(pt), we can apply

Gronwall’s inequality. In this subsection, we deduce a quantitative Laplace principle to
bound v, (p) — v*||2. One can first prove the following two lemmas.

Lemma 4.3. Fizr € (0, Ry) small enough. For ¥q > 0 with q + E° < &,

0=l e Vi(q+ )" Ve elrno) :
/ I =0l e g, ) < YHIHE) . / o~ v*[|2 dpi(v).
{G=0} ||wa||Ll(pt) n Pt(B (v ,7")) {G=0}
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Here, £°, s and T3 are quantities defined in Assumptz’on (C) and Lemma .
Proof. See Appendix O

Lemma 4.4. Fiz 0 < u < ug and r > 0 small. For VYq > 0 satisfying the condition that
q+ & — & < Ex is true for Vu € (0,u), then

/ [v = v"ll2-aee) dn(v) < Vd(q+ E2 + m(u) + 74(max{u,}))"
{Ge(0u)} ||w06||L1(pt ' N n

+

\/Ee—a(q—Tg(maX{u,r}))
[ o= veldao
{Ge(0,u)}

Pt (BOO<U*7 7’))
+Vdn (u).

Here, vg(y) = arg minye(c(v)=cw) E(V'), & and 7 are defined in Assumptz’on@ (C1), &€
73 and T4 are quantities defined in Lemma[B.1]

Proof. See Appendix O

Now we are ready to prove a quantitative Laplace principle.

Proposition 1 (A Quantitative Laplace Principle). Fiz r > 0 small enough and v > 0
small enough. q > 0 is a constant such that ¢+ E* — &y < Ex is true for Vi € [0,u). Then

0 2
)= vt <2V (g4 &2 + 2(u) + Ta(max{u,r}))
n
\/ae—oa(q—'rg(max{u,r})) / || || ( )
UV — VG)ll2 dp
pi(B>(v*, 7)) {Ge(0u)} t
\/Ee—a(q—m(r)) / I *|| dnn(0)
v—0 pe(v
pi(B>(v*, 1)) Jic=0) 2
+ \/ETl (u)
+/ HU — U*HQG—QS(U) dpt(v)
{G(

G(v)>u} ||w04 ||L1(pt)

”Ua (Pt

+

Proof. By the definition of the consensus point v, (pt), one has
—048
ool =l =1 [ v+ T o) = ol
e ) lo —v"ll2 o
1 oo In(w)s < e

Nwallzian [allztan
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where we used Minkowski’s inequality. Then we can compute:

lv—v"ll2 e

loa(or) = 0" ll2 < / ) dpi(v)
() AT

lv—v"]lz —a lv—v"ll2 _—aee
:/ e W dp(v) + e W dpu(v)
{G=0} ||Wa||L1(pt {Ge(0u)} ||wa||L1 (pt)

+/ ||U_U ||26—a€(v)d ( )
Ite;

>u} ||Wa||L1 (pt)

For the first term, we can upper bound it using Lemma

il Jlgs ety Ja-elon) |
[ Al e gy < PHLEEL [ o= vladno
{G=0} HWaHLl (pt) n Pt (BOO(U*>7’)) {G=0}
< Vd(q+ Y + 2(u) + ma(max{u, r}))"
B n

\/Ee_a (Q—T?,(r)) *
o (B=(07, 1) J o o= lado)

For the second term, we can upper bound it using Lemma 4.4}

_|_

/ |lv —v*||2 e=E0) gy () < \/E(q + &Y + 1 (u) + 14 (max{u, r}))“
{G€(

0,u)} ”wa”Ll(pt N n

+

\/Ee—a(q—rg(max{u,r}))
| o= vewldao
{Ge(0,u)}

Pt (BOO<U*7 7’))
+ Vdr(u).

Finally, We leave the third term unchanged. Combining the estimates for the above three
terms, we can finish the proof. O

4.6. Lower bound for p; (Boo(v*, r)) In this subsection, we establish a lower bound for

pt(BOO(v*,r)), a crucial element for our subsequent application of the Laplace principle.
We first define the mollifier ¢,.(v) as follows

d 2
Hexp <1—ﬁ), if |[v— v <,
Or(v) =4 15 r?—(v—v*)p (15)

0, else.
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Lemma 4.5. Let B = sup,c(o 1y [[Va (pt) — 0" Then for all t € [0,T],

o (B, 7) / o dpo(v)) e,

r o — 2d max (\/_7“+B)\/_ (er +B2)(2c+1) 2\
fora=2d {(1_0) += (1= o) (zc—1)a2}’

1
where ¢ € (5, 1) is some constant satisfying
(2c —1)e > (1 —c)2
Proof. See Applendix [F] O

4.7. Dynamics of [ G dp;(v). In Lemma , we have gained control over ||vg (p;) — v*||2,
yet the dynamics of the last term

—% /<VG,U — v*> dpi(v)

remains to be studied, which we do now.

Lemma 4.6. Assume sup;cpo |va(pe) — v*lla < 00 and sup,cio 7y V(pe) < 0o. Then for
€ > 0 small enough,
[Gdnte) < [ Gamio)
for ¥t € [0,T].
Proof. See Appendix [G| O

4.8. Proof of Theorem[4.1]. In this subsection, we present the complete proof of Theorem
41l

For simplicity, in the following, we assume 7y (u) = mo(u) = 73(u) = 74(u) = u, where
T1, T2, T3, T4 are defined in Assumption [2| (C) and Lemma We point out that the proof
technique remains valid for any choice of 7; that is an increasing function and converges to
0 as u approaches 0.

Now we are ready to prove Theorem [4.1]

Proof of Theorem[{.1 First we use Lemma to derive the dynamics of V(pt):

ZV(p) < @3 = MW (p) + VIO -+ o)V (00 o) — o7l + 5 (o) = o I

where the last term on the right-hand-side of Lemma is omitted because of its non-
positivity due to Assumption [2| (B1).
Now we define C'(t) as follows,

i d T 2A=0) ] (2A -7
C’(t)—mln{2\/§()\+02)a P } V(pr),
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and T, . as
Th.c = sup {t > 0| V(pr) > 0, ||valpy) — v*]l2 < C(t') for all ' € [o,t]}.

As long as [Jva (py) — v*|la < C(¥) is true, it is straightforward to verify that

EV(p0) < (1= )22~ 0V pr).

Thus by Gronwall’s inequality, if ¢ < T, ., one has

V(pr) < V(po)exp (— (1 —7)(2A — o?)t)

Different choices of («a, €) will result in different cases as follows.
Case 1 (Ta,6 > T*).

Notice that V(pr+) < V(po) exp (—(1-7)(2A—0?)t) = 4. So we have mingep 1+ V(p;) < 0.
This completes the proof.
Case 2 (T,L€ < T* and V(pTM) = 5).

In this case, it clear that minejo 7+ V(pt) < V(;OTM) = ¢, which completes the proof.
Case 5’<Ta,6 < T, V(pTa’E) > 0 and ||vg (pTQ,E) —v*]|o = C(Tw)).

Case 3 is the only non-trivial case. We now show that suitable choices of o and e will
make Case 3 impossible.

We pick
, 1< C(Ta,6)>1/“ 1 .
= minsy — y 5% (0
E 2\" 8v/d 2v/d

I L q
= mi E0< g 2
r mm{sérﬁ%)%{o){s] . < 4q}, 4},

St ( C<Ta’e>)1/“ g CTa)
u=min< - n—== , =, ——— 5
4\" 8Vd 47 avd
One can verify that this choice of ¢,r and u will satisfy the assumptions of Proposition
, ie,q+ & — Ei < Ex. To see this, firstly, by the choice of ¢, r,u, for any @ € [0, u):

1
&l < <us g
and
i@ 0 i@ 0 1 - 1 1 1 1
ELr=E+(&-¢&)) < Zq—i—max{u,r} < A—Lq—i—max{u,r} < Zq—l— 11= 5@

Here the first inequality is due to the definition of r and Lemma Thus, one has

_ 1 1 7 7
i< g4 -q+-q=-q< - ,
q+E&; Su_q+2q+4q 4q_8g°°<5°°

This verifies the assumptions in Proposition
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Next, in Case 3, one has V(pr,,.) > 0. Thus

C(Ta,e) — min {Z (2>\ — 0'2) T<2)\ — 0'2) } V(pTa,e)

2V2(\ +0?)’ do?
2 _ 2
> min Z(2>\ 0), 7(2)\ ) V.
22(\ 4+ 0?) o?
The last inequality above, will be utilized later, is Denoted
)T 2A=0?) 2\ — o)
Cs = min < — AT V. 16
1 { 2 \/§<>\ + 0_2) 0_2 ( )

Then one can see that ¢,r and u are bounded below by

1 05 1/n 1 . O
mm{ (8\/_> 72\/3800}’ mln{sen(loago {s| & <

mm{1< 8(\;(})1/#7 qf)’zf/éa}

respectively. We use ¢(9), 7(d) and u(d) to denote them. We now apply Proposition 1] to
P O get

N»—

q(9)
0. "2}

and

|va(pr,.) — v*ll2 <2Vd- (¢+ & + () + ma(max{u, r}))"
(o4 a,e — 77
(q 73(max{u,r}) )
LVl / lv = v6gwl2 dpr,. (v)
PTM(B‘X’ v, 1) Jiceow) " ’
Jie-oa-a0) *
b [ o e, ()
1o (B=(v*,7)) Jia=0)
+ Vdr (u)
v—v*
{G(v)>u} ||w0<||L1(PTa 6)

Each of the five terms on the right-hand side of the above inequality will be individually
bounded.

For the first term, one can use the definition of ¢, and u to get

(4. L (nC(Ta,E))l/“>“
d - (q + &Y + 1 (u) J7r7T4(max{u, 7‘}))# <oV 4 s\/a C’(ZZ;W)

I

(17)
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where the inequality above is because each term in the sum on the numerator is bounded

bove by ~ (C(Ta’e))w determined by the choice of d
above by - - as determine e choice of ¢, and u.
Yy 1 n 8/ Yy q
For the second term, with the chosen values of v and r, one can first verify
q — m3(max{u,r}) = ¢ — max{u,r} > q — % > % (18)

Then

\/Ee—a(q 73(max{u, ’I‘})) /
; lv = vawll2 dpr..(v)
PTa,e(B‘X’(U ;7)) {Ge(0u)} © ’

Vd .
= O gmoal® / — " [la + |Iv* — vl d
= T o dn ‘ ( o lo = v7ll2 + [[v" = vo)ll2 P%(U))
Vd T —aq/2< 2V PO d7—1 (u) dpr; (m) (19)
= [ on dpo V (Ge(0m) e
d
W'ew =2 (2 (o) + Vidn(w)
[ 0
Vd .
Tomam e B2V () +8),
where
(0) = 2dm MVERo+CO) Ve | o*(cRy+C0))(2c+1) X2
a = ax (1 — 0)27’(5) (1 _ 0)47”(5) (26 _ 1)02 .

In the first inequality above, we used (18), the fact that T, < T* and Lemma with
paraeter B = 5up,gioz, 1 oo (90) — o < 50becoz, ()~ < SUPrgpoz, g CI) <
C(0). In the second inequality above, we used the Cauchy inequality. Assumptlon 2 (C1)
was used to deduce ||v — vg(y)|l2 < \/_Hv — V)|l < Vdri(G(v)) < Vdri(u). In the last

inequality above, we used the definition of u to deduce that u < \/;%

For the third term, similarly, one has

Vdealin) Vi )
gk < Y7 . a(5)T X —aq/2 2 ' 2
1. (B(v*, 7)) /{G—O} lv=v"lledpr,. (v) < [ b5y dpo ¢ € ( V(PO)) (20)

For the fourth term, one has

Vi (u) = Vidu < C(Za’e). (21)
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Combining [20][21)), we can get the following estimate:

C(Toe Vd T —a ot
lealpr. ) = v7lle < (2 s [ or dpo e q/2< 2V () +5°°)

x (22)
[ At g, )
{G(v)>u} ||wa||L1(pTaE) o
Now we pick a so that
\/a a(6)T* —« 1
f¢fr i T e q/2(\/2V(po)+5 ) ZC(T e (23)
It turns out that if one picks « to be
() = —1 VAT (\/2V o) + £ (24)
a(d)=—=1o ,
q(6) & Cs [ ) dpo
then
Vd . 1 1
LHS of (23) < 2- aOT" . o=ea@)/2( ) /9 < < -C(T.,
So < fﬁbr i e e ( V(po)+5 ) 405_ 46’( aﬁ),

where in the first and third inequalities, we used the facts that ¢ > ¢(é) and C' (Ta,e) > (.
We remark here that a(0) is fixed once § is fixed. With this choice of «, we have

* 3 v—v" —a&(v
fealpr,) =l < 30T + [ U2 ey ).
4 {G(v)>u} HwOéHLl(PTa’E)
Then we can go back to estimate the last term of (22). We can deduce

/{G I = vl e gy ) < ea(axs—a/ v — v*|l2 dpr, . (v)

(v)>u} ||w04||L1(pTa o) {G>u}

0 \/m /deTa,e(v>’
(26)

where in the second inequality, we used the Cauchy inequality, in the third inequality, we

used the Markov inequality and in the last inequality, we used the fact that u > wu(9).

Thus by applying Lemma 4.6/ with B = C'(0) and B = V(py), when € is small enough, the
following holds:

/G@hmos/G@w» (27)
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Thus combining and gives

/ HU —v ||2 efaf(v) de%E (’U) < ea(5)(g*§) 2V<p0) .
6wzu lwallzir, )

Yool / G dpo(v). (28)

Now we pick the function I(x) to be

1 2 —2a(x)(§—§)u2(x)’
128V (po) *

where C, and a(z) are defined in and respectively. As long as
[ Gante) < 106) (29)
combining and yield

v —v> E(v) §)(E-£ 1
e “dpr, (v) < e~ *)\/QV(PO) : : /deo(v)
/{G< u(d)

v)>u} ||wa ||L1(PTQ,5)

S Cé S C(Ta e)-

)

0|
| —

By plugging the above inequality back to , one gets

(1) < O[T,
which contradicts with the assumption ||vy(Th,) — v*||2 = C(Ty,) as stated in Case 3.
Therefore, we have demonstrated that under the assumptions of Theorem [4.1] if one selects
a to be a(d) and chooses € to be sufficiently small, Case 3 will not occur.

Thus we have proved that if all the conditions in Theorem are satisfied, the desired
decay can be achieved with the specified choices of a and e. O

3 1
||v0t<:0Ta,e) - U*HQ S ZC(Ta,e) + gO(Ta,e) =

5. NUMERICAL EXPERIMENTS

In this section, we present the discretized algorithm of the continuous model . Through-
out this section, we use the anisotropic version @ as it is more efficient in solving high-
dimensional optimization problems.

5.1. Algorithm. First, one notices that in the time-continuous model , the forcing
term %VG needs to be relatively large for the particles to remain near the constraint
set. However, a straightforward explicit scheme of the dynamics requires the time step
~v to be of the same order as e. This implies that as € approaches zero, the algorithm
becomes expensive. On the other hand, making the stiff term 1VG(V)Z, ;) implicit enhances
numerical stability, but it becomes computationally challenging for complex constraints.
To address this, we introduce an algorithm with better stability for any equality constraints.
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The key idea is to employ Taylor expansion to approximate the term VG(V}, ) in the
implicit algorithm with its first-order approximation.

Vi = Vi =2V = va(pn) = (2VGE) + IGO0V, = VD)) = o3V = ) © 2.

which leads to the following constrained CBO algorithm,

Vo=V = [1+292607)] (AW ~ w(p)

m|\3

Z (VHOVG(V) + o3V — o) © zk> ,

(30)
where V2G(v) represents the Hessian of G(v), i.e., V2G(v) = Y7 [ (Vg;) 'V g+ 9;V?g; and
7 is the time step, and © is a point-wise multiplication, i.e., the i-th component of z © y
is z;y;. Here V! approximates the space location of the j-th particle at time ¢ = kv, and
2k is a d-dimensional random variable following a standard normal distribution N (0, L;).
During different steps, z; is sampled independently. The complete algorithm is formulated
as in Algorithm [I}

The preliminary results shown in Figure [2| (a) are obtained using the above scheme with
€ = 0.01 and v = 0.1, which demonstrates the stability of the algorithm.

We propose an alternative algorithm when the dimensionality is high, where we introduce
independent noise after the particles concentrate. This algorithm introduces additional
noises to help the particles explore the landscape better, which is necessary when the

dimension of the optimization problem is high. The complete algorithm is formulated as
in Algorithm 2]

Algorithm 1 Constrained CBO Algorithm
Initialization: Choose hyperparameters €, «, time step vy, stopping threshold egp, and
sample size N. Sample N particles V7 from distribution pg(v).

1 while 7 52 (V7 = 00 (p)[* > eiop do
2: Calculate v,(p):

N N
1 , , _
0) = E E ijj, with 2 = E 670{8(‘/]), ;= 676,5(\/])
J=1

Jj=1

3: Update each particle’s position {V7 é-V:l

VI VI | T4 2392 [ (V) (M(V —va(D) + 2 DV [RV)] + oAV — s )>@Z>=

=1

where z ~ N (0,1,).
4: end while
5: Output v, (/3) ,E(va, (f’))

5.2. Numerical examples.
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Algorithm 2 Constrained CBO Algorithm with Independent Noise
Initialization: Choose suitable hyper-parameters €, o, and time step ~, stopping
threshold €gtop, €indep, independent noise oiygep. Sample N particles V7 following
distribution po(v) and set £* to be a large constant.

1: while [E(va(p)) — £*| > €indep do

2. while 75 300 [[V7 — 04 (p)]|? > €stop do
3: Calculate v, (p):
1L N | |
va(p) = 7 ZM;’V], with Z = Ze‘a‘s(w), My = e—e€(V?)
j=1 j=1
4: Update each particle’s position {V7 szli

j j_ lm 2 [,2(V7
Vie v I+€;V (g2 (V)]

-1 m
(M(Vj —va(p) + 2V [V] + oAV va(p) © ) ,

=1

where z ~ N(0,1).
5: end while
6: if £(va(p)) < £* then

T

£ = Ewa@). ()" = va(d).
8: end if
9: Each particle does an independent move:

Vi Vi + Tindepy/7%2, for 1 <j <N,

where z ~ N(0,1,).
10: end while
11: Output Ua(ﬁ)*,é'*.

5.2.1. A simple example. We first test the algorithm on a 2-dimensional example,

. 2 2
min vy +v
(viva)eR2 |2 (31)

We test two difference types of constraints. The first case is an ellipse,

+ 1)
g(v):%—l—vg—lzo. (32)
The second case is a line,
g(U) = V1 + Uy — 3=0. (33)

The exact minimizers are,
Ellipse:v* = (v/2 — 1,0);  Line: v* = (3/2,3/2).
We use Algorithm [I] with
N =50, a=50, e=0.01, A=1, 0 =5, 7= 0.1, €g0p = 107",
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and the particles are initially set to follow a uniform distribution in the range of [—3, 3] for
both dimensions. We consider our search for the constrained minimizer successful if, when
the algorithm finishes, ||va(p) — v*[loo < 0.1. The success rate and the average distance
are shown in Table [I| where the average distance to v* in the table is measured using the
following norm

D(v,v Z(v — )2, (34)

SN

) = o]
NG

In Figure , we show the evolution of the objective function value &(v, (,5) ), the constraint
value g(va(p)), and the distance D(v,(p),v*) over 100 simulations. It is evident that the
consensus point converges within 10 steps for all simulations.

In Figure 5] the evolution of all the particles and the consensus point are shown in time
steps £ = 0,5,50,100. In all cases, after 5 steps, most of the particles are driven to the
constraints by the strong constraint term %VG (v) and stay there consistently. It is worth
noting that in the case of the ellipse, not all particles converge around the consensus point.
Some particles remain at the point © where Vg(0) = 0 instead of satisfying g(v) = 0.
This happens when G(v) = ¢*(v) does not satisfy Assumption [2| (B1). However, it will
not affect the convergence of the consensus point as long as the loss function value at ©
is not significantly small compared to the constrained minimum. (See Remark 3| for more
explanation.)

Table 1. The result of Algorithm on with constraints or

success rate | average distance to v*
ellipse constraint 100% 0.0147
line constraint 100% 0.0157

5.2.2. Ackley function. We now test the proposed algorithms on a highly non-convex ob-
jective function. Consider the following Ackley function,

[b? 1<
mvin —Aexp (—a 7 v — 17”3) — exp (8 ;COS(QWb(’Ui — f),)) +e' + A, (35)

where b =1, A = 20,a = 0.1, and v is the global minimum of the unconstrained problem.
The above function in two-dimension is shown in Figure|l] Here we consider three different
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08 20 40 60 80 100 ‘0750 20 40 60 80 100 i2 r20 40 60 80 100 10760 20 40 60 80 100
(a) blue lines: &(va(p)), (b) D(va(p),v*) (c) blue lines: &(va(p)), (d) D(va(p),v*)
red lines: g(vq(p)) red lines: g(vq(p))
Figure 4. The first line is the result for the optimization problem (31)) with
ellipse constraint , while the second line is for the line constraint (33). The
left column is the evolution of the objective function value and constraint value,
while the right column is the evolution of the distance between the consensus point
and the exact minimizer, where the distance is defined in . The light lines are
results from 100 simulations, while the dark lines are the average values.
3 3 3
! 2 2 2
- B ) 1 1
-1 i 1 1
. -2 2 2
-3 3 3
0 2 -2 0 2 2 0 2 2 0 2
(a) k=0 (c) k=50 (d) k=100
4 4 4
2 2 2
* 0 0 * 0 .
2 2 2
4 -4 -4
4 2 0 2 4 4 2 0 2 4 4 2 0 2 4 4 2 0 2 4
(e) k=0 (f) k=5 (g) k=50 (h) k=100

Figure 5. The evolution of all the particles (in blue) and its consensus point (in
red) in 2-dimensional plane when solving for the constrained problem with the
ellipse constraint (the first line) and the line constraint (the second line).
The constrained line is plotted in black, the black point is the global minimizer of
the objective function, while the green point is the constrained minimizer v*.
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constraints,

Case 1. |lv]2 —1=0. (36)

d—1
Case 2. Z v2 —vg = 0. (37)

=1

d d—1 1 1

Case 3. ,—1=0, 2 i — =Vg — = = 0. 38
ase ; v ; Vi Gl g (38)
We set v = (0.4,---,0.4), s.t. the unconstrained minimizer is not the same as the con-

strained minimizer. The constrained minimizers for the three-dimensional cases are
Case 1. v* = 1/v/3(1,1,1); Case 2. v* = (0.4283,0.4283,0.3669); Case 3. v* = (0.2,0.2,0.6).
The constrained minimizers for the 20-dimensional case are
Case 1. v} = 1/\/2—07 1 <i<20; Case?2. vy =0.3542, 1 <1 <19, v5, = 2.3839.
For the 3-dimensional Ackley function, we use Algorithm [If with
N =100, a =50, e=0.01, A\=1, 0 =1, 7= 0.1, €40p = 107
For the 20-dimensional Ackley function, we use Algorithm [2| with

N =100, a =50, e=0.01, A\=1, 0 =1, 7= 0.1, €inaep = 107,
Case 1. & Case 3. €pin = 0.01,  Oindep = 0.3;
Case 2. €indep = 0.001,  Oindgep = 1;

and all the particles initially follow V7 ~Unif[—3, 3]%.

The evolution of the distance D(v, (ﬁ) ,v*) between the consensus point and the accurate
solution is shown in Figure [6], where one can see that the consensus point converges to the
true minimizer within 100 steps. Besides, The success rate, averaged distance for the
output consensus point v*, and the averaged total steps are stated in Table[2] We consider
the simulation to be successful if maxy |v, (,6) N vl < 0.1, and the distance to v* is

measured in D(v, ([)),v*) and averaged over 100 simulations. One can see that except for
the 20-dimensional case 2, the algorithm can find the exact minimizer within 400 steps
with 100% success rate. Even for the 20-dimensional case 2, although the success rate is a
bit less than 100%, the average distance to v* is less than 0.05, which means that they are
all relatively close to the exact minimizer v*.

The reason for the nonsmoothness in the later stage of the average line is due to the
limited number of samples for the larger steps. In most simulations, the algorithm typically
concludes its iterations around the average total steps in the table. As it is hard to find
the exact minimizer for 20-dimensional Ackley function with the constraints , SO we
only plot the result for case 3 in 3-dimension.
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Table 2. The result of Algorithm |1j on 3-dimensional Ackley function and Algo-
rithm [2| for 20-dimensional Ackley function.

success rate | average distance to v* | average total steps
case 1 | d=3 100% 8 x 1073 295
d=20 100% 1.56 x 1072 390
case 2 | d=3 100% 4.5 x 1073 213
d=20 96% 3.13 x 1072 4288
case 3| d=3 100% 2.8 x 1073 163
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tion with constraint tion with constraint

Figure 6. The evolution of the distance D(vq (), v*) between the consensus point
and the exact minimizer. The light lines are the results from 100 simulations, while
the dark lines are the average values.

5.2.3. Thomson’s Problem. The Thomson problem involves determining the positions for &k
electrons on a sphere in a way that minimizes the electrostatic interaction energy between
each pair of electrons with equal charges. The associated constrained optimization problem
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is formulated as follows,

1 1
min  E(vy, ..., v) = EZ—

lv: = sl
st. |ulli—1=0, fori=1,--- k.
We use Algorithm [2] with
N=50, a=50, c=001, A=c =1, 7= 0.1, €inaep = 107, €mn = 0.01, Finaep = 0.3,

and all the particle initially follow V7 ~ Unif[—1, 1]3*.

We run the above algorithm for k = 2, 3, 8, 15, 56, 470, which is equivalent to conducting
a 3k-dimensional optimization problem with k constraints. The success rate, averaged
relative error, averaged constraints value (value of 37" | gi(va(p)) and averaged total steps
are summarized in Table 8l We define

1€ (va(p)) — E(v7)]

E(v") (39)

relative error =

and consider a simulation to be successful if both inequalities are satisfied for the output
va(p),

k

relative error < 0.05, Z(| lJvil |3 = 1]) < 1072

i=1
In Figure [7] the evolution of the relative error across 100 simulations and their average
values are depicted, illustrating that all experiments converge to the optimal minimizer
within 2000 steps. The nonsmoothness of the average lines is due to the fewer samples in
large steps. For k = 56,470, corresponding to an optimization problem of dimensions 168
and 1410 with 56,470 constraints, the success rate is not 100%. However, it remains above
90%. Besides, the relative error and constraints value in the third and fourth columns of
Table [3| are over the success simulations, which are very small. This verifies our algorithm
has an excellent performance in high dimensions.

Table 3. The result of Algorithm [2/on Thomson problem.

success rate | relative error | constraints value | total steps
k=2 (d=06) 100% 4.4 %1073 3.8 x 1071 382
k=3,(d=09) 100% 9.9 x 1073 1.4 x 10710 407
k=38, (d=24) 100% 1.78 x 1072 2.3 x 10710 267
k =15, (d = 45) 100% 1.57 x 1072 3.4 x 10710 895
k = 56, (d = 168) 97% 1.44 x 1072 2.91 x 107 1610
k =470, (d = 1410) 93% 1.95 x 1072 4.03 x 107° 1960
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Figure 7. Thomson Problem: the decay of the relative error over 100 simulation
and its mean.

6. CONCLUSIONS

In this paper, we propose a new CBO-based method for solving constrained non-convex
minimization problem with equality constraints and potentially non-differentiable loss func-
tions. Specifically, we augment the original CBO framework with a new forcing term
designed to guide particles toward the constraint set. On the theoretical side, we con-
duct a rigorous analysis of the mean-field limit for the proposed model , deriving the
corresponding macroscopic model and establishing well-posedness results for both the
microscopic and macroscopic models. To demonstrate the convergence of the method, we
study the long-time behavior of the macroscopic model through an analysis of the
associated Fokker-Planck equation @ Our results establish that, under Assumption
and with a proper choice of parameters, particles converge to the constrained minimizer
v* with arbitrary closeness. Notably, Assumption [2| (C) fits well with the basic nature of
the algorithm, while Assumption [2 (B) serves as a technical requirement needed by our
proof technique, which might be relaxed further with an alternative proof technique, as
suggested by the performance exhibited in numerical experiments where Assumption [2| (B)
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may not be strictly satisfied. On the practical side, we proposed a stable algorithm based
the continuous-in-time model. In Section [5] the algorithm’s performance is illustrated
through a series of experiments, including challenging high-dimensional problems.
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APPENDIX A. SOME DETAILS IN THE PROOFS OF WELL-POSEDNESS AND
MEAN-FIELD LIMIT

A.1. Proof of Theorem [3.1I] Consider the microscopic model, which is governed by the
following equation:

Vi = AV = va (7)) dt EVG(VJ*N) dt + odiag (V" = va(py")) dB;",
Vo™ ~ po,

N
. i N . .
where 1 = 1,..., N. We can concantenate {th’ } into one vector and put them in one
i=1

equation. To be specific, we define
V, = ((th,N)T’ . (V;N,N)T>Tl
Then V; is a vector in RV? for each fixed ¢ and it will satisfy the following equation:
AV, = —AFy(V,) dt — %LN(V;) dt + oMy (V;) dB™. (40)

Here BWY) is the standard Wiener process in RV¢,
1Ly \7 v\ 7Y Nd
Ly(vi) = ((VG(Y) o (VE(Y)) ) erM,

My(V,) = diag(F}V(V;), ,FZ{,V(%)) c RNVdxNd

and

Fx(Vi) = ((F&(%))T, (Fﬁ(%))T)T € RN,
where
F]Z\[(Vt) _ Zj#i (V;;V ;a‘?;:]l(’;a (V?N)

Thus it suffices to prove the well-posedness result of equation , which is the following
theorem.

e RY,

Theorem A.l. For each n € N, the stochastic differential equation (@) has a unique
strong solution {Vi|t > 0} for any initial condition Vi satisfying E[HVOHz] < 00.

Proof. Following the same steps in Theorem 2.1 [5], we obtain
—2\V - Fy (V) < 2AVN||[V|[°, and trace(MyME) (V) = ||En(V)|]” < 4N ||V |,
Thus

—2AV - Fy(V) + o2trace(My M%) (V) < by |V,
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where by is a positive number that depends only on A, 0,d and N. Also, we notice that
for X € R?

2
)

2 2 2 2
2y v6x) < 21X - v o) < 2 -] = 2)x]
where we used Assumption (1| (4). Thus,
2 2
SV Le(v) < 2|17
€ €
This implies that
2V - (= AFn(V) — %LN(V)) + o?trace(My M) (V) < BNHVHQ,

where by is some positive number that depends only on A, o,d, e and N. Then we apply
Theorem 3.1 in [11] to finish the proof. O

A.2. Proof of Theorem (3.3, Below is Lemma 3.2 from [3]
Lemma A.2. Let & satisfy Assumption and i, i € Po(RY) with

el au. [ o) di < .

Then the following stability estimate holds

|va(p) = va ()| < coWalp, 1),

for a constant cg > 0 depending only on «, L and K, where Wy(u, 1) is the Wasserstein
2-distance between p and fi.

Also, we recall Theorem 11.3 in [19].

Theorem A.3. Let T be a compact mapping of a Banach space B into itself, and suppose
there exists a constant M such that

] < M
for all x € B and o € |0, 1] satisfying x = cTx. Then T has a fixed point.

Proof of Theorem|[3.3 Step 1 (construct a map T):
Let us fix u; € C[0,T]. By Theorem 6.2.2 in [1], there is a unique solution to

1

%Npm

We use p; to denote the corresponding law of the unique solution. Using p;, one can
compute v, (pt), which is uniquely determined by u; and is in C[0,7]. Thus one can
construct a map from C[0, 7] to C[0,T] which maps u; to va (p).

Step 2 (T is compact):
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Firstly, by referencing Chapter 7 in [I], we obtain the following inequality for the solution
V; to equation (41)):

E[IVll]" < L+ E[[Vo]]])e

where ¢ > 0. Thus one can deduce
4 2
B[] < 1 and B[V S 1 ()

Now it suffices to prove that ImT" is in C*/2[0, T'], which is compactly embedded into C[0, T].
By Lemma one obtains

Hva (Pt) - Ua(ﬂS)H < COW2<pt7p8)' (43)
For Wy(py, ps), it holds that

W3(pi. ps) < E[[[Vi = Vi||"]. (44)

Further we can deduce
t t
V-V, = / AV —u,) — —VG(V )dT + U/ diag(V T) dB,.

Thus

B[V~ vil"] <[l [ 0~ w)arlf] + [ [ Ve ]

+E| H/ diag(V; — ;) dB, |||

Now we bound from above the three terms on the right hand side respectively. For the
first term, we have

Il [0 = w)arl) <E[( [ V.~ uofary]

g|t_s;E[/:HvT_uT||2dT} (46)

t t
§|t—s](/ E[|v;] d7+/ | dr) S 1t~ s,

where in the second inequality we used Cauchy’s inequality and in the last inequality, we
used and the fact that u; is continuous thus bounded in [0, 7).
For the second term, we have

el [ vaon ] <e[( [ Ivew, Hcﬂ
[(f 1+l )

t
<t - sfE[ [ Vi ar] S 1e- sl

(45)

IN
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where in the second inequality, we used Assumption |1 (4) and in the last inequality, we

used .

For the third term in (45)), we have the following estimation:

| [ diag(V: - ) a:|"] = B[ [ |ing(V: — ) 7]

<|t—s|E / HVT—uTH dT] (48)

t t
gyt—sma[/ “‘/}“4d7]—|—/ ur || dr) S 1t — ],

where the first equality comes from It6’s Isometry, while in the first inequality, we used
Cauchy’s inequality and in the last inequality, we used 1.} and the fact that u; is bounded.

Finally, we combine . . . . and (48) to deduce
||Uoz pt — Vg ps H S |t ’1/2

which implies that v, (p;) € C®/2[0,T]. Thus, T is compact.
Step 3 (Existence):
We make use of Theorem . Let us take u; satisfying u, = 0Tu; for 0 € [0,1]. We now
try to prove HutHOO < ¢ for some finite ¢ > 0.
First, one has

ol = 0] () < %2 [ o] dp. (19)

Then, to bound u;, we try to bound [ ||v||2 dp;. Since p; is a weak solution to the corre-
sponding Fokker-Planck equation (|9)), one has

d 2
%/Hszdpt:/UQH’U—WW—Q)\(’U—W)-v——VG(’U)-vdpt

/(a —2)|Jo]|” + 201 — 0®)v - g + do?||ue|? ——VG() vdpy.
Since
Jowdn< Yol Nudoc 5 [ 1ol doc [ Yl don= [ ol dpu+ el
and
V6] 5

one can further deduce

d
E/WWMS/WWM+MW5/WWM,

where in the last inequality, we used . Applying Gronwall’s inequality yields that

i HvH2 dp; is bounded and from the above inequality, the bound does not depend on wu;
itself. Thus we’ have shown that HutHOO is bounded by a uniform constant q. Theorem
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then gives the existence.

Step 4 (Uniqueness):

Suppose we are given two fixed points of T u; and u;. We use V; and v respectively to
represent the solutions of equation (41) with u; and 4; plugged in. We also assume that
V; and V; are defined in the same probability space. From the steps above, there exist
constants ¢ > 0 and K > 0 such that

o <q (50)

and
sup /H H dpy, sup /H H dp: < K, (51)
t€(0,7)

where p; and p; are the distributions of V; and Vt respectively. Let us consider Z; =V, — Vt.
One has

1

7, =7, —/\/OtZTdT—i—/\/Ot(uT i) dr — E/Ot (Va(v:) - va(v;)) dr
a/otdiag((\/} —uy) = (Vr — ;) ) dB.
Thus
E||1|]
s E[|z] +E[(/Ot HZTHCW} {E (/t s — || 2]
+]E[(/OtHVG(VT)— H/ diag|(( — (Ve =) ) dB. "]

(52)
For E[( [} ||Z-|| dr)?], we have that

B[]t 1] =B [ o) = r1] < ] [ et =i o]

(53)

where in the inequality, we used the fact that u; and 4, are fixed points. For E[( fg |VG(V;)—

VG(IA/T)H d7)?], one has

B[ Ve -

/ |V: — deT
(54)

- /HZHdT J <t E/HZH ar).
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Here we used the Lipschitz property of VG. For E[H fg diag((VT —uT) — (\A/T —ﬁr)) dBTHQ].

Then

E[| / aias (V=) dB,|"]
= e[ [ iag((v2 —ue) = (7 =) 7]
51@_/0 [V = 0h]ar] +E / Jur — it || dr]
—&[ [z ar] +E[/Ot|<va<p7>—%(@)H%],

where in the first equality, we used It6’s Isometry. Thus combining , , and

yield
¢ ¢
E[Hzt”?] SE[“Z()HQ] +/ E[HZT”?] d7-+]E[/ Hva(pT)—va(ﬁT)”mT]
0 0
We further notice that by Lemma[A.2]

(o) = wal@)ll S Walpr, p2) < VE[[V: = V2] = VE[| 2|

So we can deduce

2|z )"] sE[j207] + [ |z ar+ 2] [ B2 o]
<e[lal]) + [ E[1z )] dr

Then applying Gronwall’s inequality with the fact that E[HZO||2] = 0 gives the uniqueness
result. U

A.3. Proof of Theorem We first prove the following lemma.

Lemma‘A.4. Let € satisfy Assumption |1| and py € Py(RY). For any N > 2, assume
that {(V,"N Jielo,r }iry is the unique solution to the particle system @ with p§™ distributed
initial data {VlN N . Then there exists a constant K > 0 independent of N such that

sup { sup E[HVZNH + HVZNH } + sup E[Hva pt || + Hva )"4}} <K
-1 N telo,T

tel0,T
Proof. For each 7, we have
i,N iN . 1 : : iN i :
AV = AV = vap0) di = VGV, dt -+ ading (VY = val4})) dB,

VoiNPO-
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Now we pick p =1 or p = 2. Then
t t
VI R | B ) e+ B )
0 0

+EHé}mgwwymm%+ﬁuA}mg%@ﬂ)ﬂmﬁi
Here, we used Assumption [1] (4). Now by Cauchy’s inequality,
B [ v are <o [V
and 0 0
B[ ea (o) ary < B[ a6y
Also, by Tto Isometry,
EW/m%ijwﬂ% /HWNHm
and
Bl | dias(va(52)) B2 = B [ o ()
Thus
BV SRV e B )y
Further, by Hélder inequality,

/HWNHwP<E/HVmWMdeE/H% H%”<E/H%pTH%T

So we can deduce

t t
B[V SEIVGP B [ VP dr 4B [ (o)) ar
0 0

Thus
t t
Now by Lemma 3.3 in 5], one has

/HH g < bt [ ol dg (57)
Tl mww
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Then we can calculate

leale)I =1 [ o T QHLI - 43!
<([le I Hm ai)”
<( /Il \wauﬂ wa(v) d,sﬁv)”

)| aHLl

/H H H H dﬁiv bl+b2/” H dAN p<1+/|| ||2pdﬁv’
a Ll

where in the second inequality, we used Cauchy’s inequality and in the fourth inequality,
we used and in the last inequality, we used Holder inequality. Combine the above
inequality and . leads to

t
B [l a SE [ ol ad + [ (® [ ol ap?) dr +1.

By applying Gronwall’s inequality, it follows that E [ |v|* dpy is bounded for ¢ € [0, T,
and the bound does not depend on N. Also, we know that

Jeu GO 1+ [ ol 452,

which implies that
a2 € 1+ [ [Jo]” ap

So ]EHva(ﬁiV)HQP is bounded for t € [0, 7] and the bound does not depend on N. O
As in [24], we then make the following definition.

Definition A.5. Fiz ¢ € C2(R?). Define functional F, : P(C[0,T]; R?) — R:

Fyldpu) =( 1 dpar) = (&, djio ) + A /0 t<(v ~ valpr)) - Vo(v), dpr ) dr

€

+ ! /0t<VG(v) -Vo(v), d,uT> dr — %2 /ot<zi: (v— Ua(ﬂr))iakkﬁb(v)a d#r> dr.

We can then prove the following proposition about the functional Fy defined above.

Proposition 2. Let & satisfy Assumption |1| and po 6 P4(RY). For any N > 2, assume
that {(VS)VYN s the unique solution to (1) with pSY distributed initial data {Vb’ AN
There exists a constant C' > 0 depending only on o, K, T and HV¢H00 such that

AN\ |2 C
E[F,(P] < =
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Proof. First we compute

N
E (7)) NZ¢ ) = T o) 2 [+ Z (V= 0o () - V(1) dr

1/ ZVG (VAN . Vo(VEN) dr

N d

ol B 9) AR AP
=1 k=1
On the other hand, the It6-Doeblin formula gives
t
S = V™) == [ (VY = (5) - TV dr = [ VG0 - Tovi ) ar
0

t

to [ (VoY) (diag(VEY —va (o)) dBY)

t d
o i N i
TS0 e

Then one gets

Foot) = 5 [ 30 (Vv (ding(v = () aB).

Finally, we can compute

|10 NZZE I¥A Z<V¢<V:’N>>Tdiag<v:”—va@f:))dB:]2
=1
- % | A S |V diag (V" — v (p2)) 2]
=1 =1
o 2> o= [ 1N AN (12
< el Vol 3 [ B[l v ]
< 7lvelr z [ wdr= vl ZW

where in the second equality, we used It0’s isometry and in the third inequality, we used
Lemma [A.4 This completes the proof. O

We recall the Aldous criteria ([2], Section 34.3), which could prove the tightness of a
sequence of distributions:
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Lemma A.6 (The Aldous criteria). Let {V"},en be a sequence of random variables defined
on a probability space (0, F,P) and valued in C([0,T];R?). The sequence of probability
distributions {piyn bnen of {V"bnen is tight on C([0, T); RY) if the following two conditions
hold.

(Conl) For allt € [0,T], the set of distributions of V;*, denoted by {pyn tnen, is tight as a
sequence of probability measures on R,

(Con2) For all € > 0, n > 0, there exists 5o > 0 and ng € N such that for all n > ny and
for all discrete-valued o(V"; T € [0, T])-stopping times B with 0 < B+ 8§y < T, it holds that

Sup IP(||VB"+§ Vil = 77) =e
0€[0,d0]

Now we use the above lemma to prove the tightness of {£(p")}n>o.

Theorem A.7. Under the same assumption as in LemmalA.4, the sequence {L(p")}n>2
is tight in P(P(C([0,T]; RY))).

Proof. 1t suffices to prove that {£(V"")}y>s is tight in P(C([0, T]; R%)) due to Proposition
2.2(ii) in [33]. By Lemma [A.6] one only needs to verify the two conditions in it. For

condition 1, let us fix € > 0. Now we consider the compact set U, = {||v||2 < K/e} ,where
K is the constant in Lemma [A.4] Then by Markov’s inequality,

€

1,N||2
LN\ 77e 1N € GE[”Vt ” ]
LMW =BV > &) <« == <
for any N > 2, where in the last inequality we used Lemma [A.4] Thus condition 1 is
verified.
For condition 2, we fix € > 0 and 1 > 0. Notice that

Vl,N o VLN = —\ o (VLN o ~N d i di Vl,N _ ~N dBl
B+4 B - p T Ua(ﬂr)) T+to 3 1ag( T U@(pT)) T
1 B+6 (58)
— = / VGV dr.
€Jg

Following the same steps in the proof of Lemma 2.1 in [24],
B+4 9
]E[H)\/ (VY = va () dr ] < 2T K% (59)
B

and

B+d
E||o / diag(V' — va(pY)) dBL|’| < o*VITK. (60)
B
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Also, we can compute

1 B+6 LN 9 1 B+6 N
“z/ﬁ VG(VY) dr]| gG_Q/B IV GVAY)| dr

B+6 ' 2 B+6 ' 9
S(f vlar) <o [ v Par
B B

where in the second inequality we used Assumption |1] (4). Thus

B+6 B+6
E[H%/ VG dr|] 55@[/ v dr]
B B
B+6 B+6
:5/ E||Vf’NH2dT§(5/ dr = &
B B

where we used Lemma . Combining the above inequality and , and , we

can conclude
B[V - visIF] s 0

Then one can deduce

E|[[va™ - v L OWA)

n n
Choose 9y small enough finishes the proof. O

PV = Vsl > m) <

By Shorokhod’s lemma, for every convergent subsequence of {pY } yen, which is denoted
by the sequence itself for simplicity and has p; as limit, one can find a probability space
space (2, F,P) on which p¥ converges to p; as random variables valued in P(C[0,T]; R%).
We use Vy to denote the corresponding random variable of pI¥ and V to denote the cor-

responding random variable of p;. Moreover, by the dominated convergence theorem, one
has

<¢, dp;’ — dpt> — 0 (61)

almost surely for fixed ¢ € [0,7] and ¢ € Cy(R?).
After all these preparations, we now prove Theorem [3.4]

Proof of Theorem [3.] We first show that every convergent sequence converges to a solution
of @D Now suppose we have a convergent subsequence of {pY } yen, which is denoted by
the sequence itself for simplicity and has p, as limit. Also, we use Vy and V to denote
the corresponding random variables generated by Shorokhod’s lemma as mentioned above.
We verify that p; is a solution to the Fokker-Planck equation @

For continuity, we have that for any ¢ € C2(R%) and ¢, — t:

()= [o(vien) ap > [o(v(n)de = (o.dn).



42 J. A. CARRILLO, S. JIN, H. ZHANG, AND Y. ZHU

To prove p; satisfies the Fokker-Planck equation @D, we first prove the following four
limits:

(1) E <<¢, ﬁiv> — <gz§, dﬁ0>> — <<gb,dpt> — <gz§, dp0>>} converges to 0 as N — oo.
(2) E fg<(v—va(ﬁ§))-v¢(v),dﬁ§> dT—fOt<(U va (PY)) - Vo(v), de> dT} converges

to 0 as N — oo.
(3) B| fy (X (0-va(0))30m0(0), dp ) dr— [y (s (v=va(pr)) ;0 (v). dpr ) dT}
converges to 0 as N — oo.
(4) E fOt<VG(v) : V¢(v),dﬁiv> dr — f0t<VG(v) : V¢(v),dp7> d7':| converges to 0 as
N — oo.

The first three limits can be proved using the same methods as in Theorem 3.3 in [24] and
the last one is a direct result of . Combining the above four limits gives

E[FqS(Pt) - Fcb(ﬁiv)} = 0.

Then we can deduce

E[Fo(p0)]| < Jim |E[Fy(pr) = Fo(p)] | + [E[Fo(p1)]] < 0+ lim @:o,

N—oo

where in the last inequality, we used Proposition I Thus Fy(p:) = 0 almost surely, which
implies that p; is a solution to the corresponding Fokker-Planck equation @

Then we utilize Lemma[A.9] to establish that every convergent subsequence converges to
the same limit: the unique solution to @D Combining with Theorem , we deduce that
{pN} nen converges and the limit is exactly the solution to (9). O

A.4. Some auxiliary results used in the proof of Theorem

Theorem A.8. For VT > 0, let b, € C([0,T];R?) and py € P2(R?). The following linear
PDE

2

d
0 =\ - (((0 =)+ - VG Do) + + 23 O (0 = b)E00) (62)

k=1
has a unique weak solution p; € C([0,T]; Po(R?)).

Proof. We can obtain a solution to as the law of the solution to the associated linear
SDE to (62)). Thus we have the existence result. For uniqueness, let us fix ¢ € [0,7] and
1 € C*(R?). We then can solve the following backward PDE
1 o2 & 9
Ophe = (Mv —by) + gVG(U)) Vh == ;(v — b)2 0,2 1t

(t,v) €[0,t0] x R% by, = ).
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It has a classical solution:
he = E[(V")],t € [0,to],

where (V)o<i<s<y, 18 the strong solution to

AV = — (V™ —b) + %vc:(v:’v)) d7 + odiag(V® — b,) dB,, Vi = .

Suppose p' and p? are two weak solutions to . Consider 6p = p* — p?. Then

<ht0, 5pt0> - /Oto<aThT, 5pT> dr — /\/Ot0<(v —b,)Vh,, 5p7> dr

— 1/OtO<VG -Vh,, 5p7> dr + %2 /Oto<i(v — b,);Okkhs, 5PT> dr
k=1

€

_ /t°<aThT, (5p7.> dr + /t0<—afh,, 5pT> dr = 0.
0 0

This implies that [dp,, = 0 for any chosen ¢ € C*(R?) and ¢, € [0,7]. Thus §p; = 0.
This proves the uniqueness. U

Lemma A.9. Assume that p',p* € C([0,T]; Po(R?)) are two weak solutions to PDE (@)
in the sense of Definition with the same initial data py. Then it holds that

sup Wa(pyt, p7) =0,
t€[0,T]

where Wy is the 2-Wasserstein distance.

Proof. Given p! and p?, we first solve the following two linear SDEs

~ . ~ . 1 ~ .
AV = =NV} —va(p})) dt — =V G dt + odiag (V' — v, i) dB:,
€ t
‘A/oi ~ Po
for i = 1,2. We use pi to denote the law of V; for i = 1,2. Thus /i solves

d
opt = )\dlv((v — v (pl) + = VG ,ot %Z@mxk ||v (pi)Hzﬁi)a

k=1
fo = Po
in the weak sense for i = 1,2. Moreover, p’ solves the above PDE since we assumed that
p' solves @ But from Theorem the solution to the above PDE is unique for ¢ = 1, 2.
This implies that ji = pi for i = 1,2. As a result, V;* and V;2 both solve (§). By Theorem
3.3, it holds that
sup E[|V;' — V7] =o0.

t€[0,T]
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Then one has

sup Wa(p', p%) = sup Wi(p', %) < sup E[|V;! = V7P| =0
t€[0,T] t€[0,T] t€[0,T]

This completes the proof. Il

APPENDIX B. LEMMA Bl

Lemma B.1. There exist non-negative increasing function o(x), 73(x) and 74(x) mapping
from R to R with lim, o 7;(xz) = 0 for i = 2,3,4 so that the following hold for Yu,r > 0
small enough:

Eu| = [E(vy)] < To(u);
& = & | < my(max{u,r});
£ — &) < ma(max{u,1}),

where

El = max E(v)

" veBo® (vy,r)N{G(v)=u}
and

E = max E(v).
vEB>® (v*,r)

Proof. We first prove the existence of 75. To begin with, one deduces
* * ﬁ
&l = [E@)] = [E(va) = 0] = [E(va) = E@W)] < Cllo = v7||7, < O (u),
where the first inequality comes from Assumption [2| (A2) and the second inequality comes
from Assumption [2| (C1). Then by taking 75(x) to be 77 (z) will finish the proof of the
existence of 7.
For the existence of 73, we can first pick v; € B®(uv,,r) N {G(v) = u}, v, € B®(v*, 1)
and then do the following calculation:
E(v1) = E(v2)] < ClJor — wa|”,
B |8 * B
S (Jor = vullyo + low = vl + [0 = vl 50)
< (r? + 1y (u)? 4 r?)
< (max{u, r}? + 1 (max{u, r})? + max{u, r}ﬁ),

where in the first inequality, we used Assumption [2| (A2) and in the third inequality, we
used Assumption [2 (C1). Then one has

sup |E(v1) — E(ve)| S (max{u, T‘}B + Tl(max{u,r})ﬁ + max{u,r}ﬁ).
v1€B(5§é2?v{*G:;):u},

So
& — &| < (max{u,r}’ + 7 (max{u,r})” + max{u,r}?).
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Therefore, selecting 73(z) as a scalar multiple of 227 + 77 () will suffice. One can apply
the same method to prove the existence of 74(x). O

APPENDIX C. EXPLANATIONS FOR EXPANDING THE TEST FUNCTION SPACE

We follow the same argument as in [I5]. To start with, for any ¢ € C? (R%), one apply
[to’s formula to V; to get

007 =o(7) - ( (= MV = va()) - 9G(7)) ot
+ 1073 0000 (V= () e+ o967 g (Vs — () .

Note that fot JV@S(V})Tdiag <V} — Vg (pt)> dB; = 0 by applying Theorem 3.2.1 (iii) in [28]

due to the facts that ¢ € C2(R?) and p; € C ([0, T], P, (Rd)>. Taking the expectation and
applying Fubini’s theorem gives

%Egb(‘_/t) =~ BV6(V) - (AW~ val) — 2VG(7)

2

d
+50°E > 0o (V) (Vi = va(p)

k

which is exactly the first expression in Deﬁnition (ii) with ¢ being a function in C2(R?).

APPENDIX D. PROOF OF LEMMA

1
Proof. Substituting ¢(v) = §||v — v*||? into Definition [3.2] gives
iV(Pt) =-A U—Ua(Pt),U—U* dﬂt—l VG, v —v* dﬂt+a—2 ||U_U(Pt)||2dpt~
dt € 2

(63)

Notice that
= )\/<v —va(p), v = v") dpr()
- —)\/<v — v — v*> dp,(v) + A/<v — 0%, va(pr) — v*> dpe(v)
— —2\V(p) + )\</(v — ") dpy(v), va (1) — U*>.
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Then one can deduce
- / (v=va(p),v = v" ) dp(v) < =220V (p0) + M| / (v = v") dpu(v)]l2 - e () — vl
<= 2(p) 1 [ 10 = ) dpifo) - ea(or) — e
< - 2>\V(Pt) +A QV(Pt) : “Ua(Pt) — 0" ||2,
(64)
where the first and third inequalities come from Cauchy’s inequality and the second in-

equality is a consequence of Minkowski’s inequality.
For the last term on the right-hand side of , we can do the following estimate,

2 [0 dn)
- J o= dpto) = 2( [ (0= vy douw)va () = ) + lalr) - o° )
<o?(V(pr) + / o = o) () =l + S o) = o )

1
<o (V(pt) +/2V(pe) [lva (1) = v"ll2 + 5 llva(pr) = v*||3>7

where in the first inequality, we use Cauchy’s inequality and Minkowski’s inequality and

in the second inequality, we use Cauchy’s inequality again. Plugging and back
into finishes the proof. O

(65)

APPENDIX E. LEMMAS USED IN LAPLACE’S PRINCIPLE
E.1. Proof of Lemma [4.3l

(q+ &)~
n

Proof. Let 1 = . One can verify that

1) r>r
(2) E(v) — &Y > g for Vv € {G = 0} N B> (v*,T)".
For (1), we begin by computing directly:
g+ _ (@) (€~ &)
n o Ui
where the last equality is because & = £(v*) = 0. Then for any v € B®(v*,r) N {G = 0},
by the definition of £%, in Lemma [B.1] one has
(€ - &) (E) ~ £
no no

7=

Y
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Then we use Assumption 2 (C2) to get

Ew) =&
pe COZE v,

n
By Assumption 2| (C1), 9B>(v*,r) N{G = 0} # 0, which leads to

sup Hv—v*Hoo:r.
veEB>(v*,r)N{G=0}

Since the above inequality holds for Yo € B*(v*,r) N {G = 0}, one then has 7 > r, which
completes the proof of the first one. And for (2), for all v € {G = 0} N B>®(v*, )¢, we can
compute:

Ew) —E = E(v) — & — (E° — &)
Y= (E = &) = ) = (&)~ &) = a+ & =,

> (n]

where the first inequality comes from Assumption [2] (C2), the second inequality is due to
v € B®(v*,7)¢, the third inequality is because of the definition of 7 and the last equality
is because we assumed £(v*) = 0. This completes the proof of the second one.

Then we have

I I

[ Ao s g ) | e et g 0)
{G=0} Hwa”Ll( {G=0}NB> (v*,F) Hwo‘”Ll(pt

+/ HU—U Hoo —aE(U dpt( )
{G=0}NB>(v*,F)c wO‘HLl(pt
For the former term, we have the following estimate
/ H'U - Hoo —045(11) dpt( ) < f/ ;e—m‘)(v) dpt('U) < T.
{G=0}NB>(v*,7) ||waHL1(pt {G=0}NB>(v*,F) HwaHLl(pt)

For the latter term, we first notice that

||waHL1(pt) :/ ~E0 dpy (v )_/ e W) dp,(v) Z/ e dp,(v)
B> (v*,r) B (v* 1)
= e “rp (B™(v,1)).

Here the second inequality is because of the definition of &, in Lemma[B.I] So

HwaHLl(pt) > e—a&pt (BOO(U*77")) (67)
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holds true for any choice of @ and r. Then one can deduce

/ e el dﬂt( )
{G=0}NB"°(v*,F)* HwaHLl

(pt)

= TV Nl —a(ew-£) 4
= AGZO}ﬂBw(U*,f)C pt (Bc)()(,v>;<7 7")) € IOt(’U)

o - —a(ew)-et-m(r)
< M o 7@ v —T3(r d
-~ \/{GZO}OBOO(”U*,'F)C pt (Boo(v*’ T)) € pt(’l))

s emalon) ap ),

</ A=l -

{G=0} Pt (BOO(U*a T))

where in the second inequality, we used Lemma and in the third third inequality, we
used the fact (2) that E(v) — &2 > ¢ for Vv € {G = 0} N B> (v*,7)¢. Thus

/ ||U—U*||oo€—o¢5(v) dpt(?]) S/ * 0 o~ (q T3(r )dp( )
{G=0}NB>= (v* ) HwaHLl(pt) {G=0} Pt (BO"(U*; 7“))

Combining the above inequality and , we can get
v = vl e (q + E0) o—(a-m() /
T e dp(v) = T4 —o*||_dpe(v).
L L R e - v PN Lty ML
s -1 <1 o< Vil

,» we have

0\ e*a(Q*TS(T))
oy < YAOEEY |V / ().
{G=0}

|
/{G 0) HwaHL1 " n pu(B(v*,7))
This completes the proof. O
E.2. Proof of Lemma 4.4l
Proof. We first can deduce
/{G I ooe_ag ®) dpy(v) = /G lv—v H o€ HVGHgPtd”

€(0,u)} Hwa“Ll(m {Ge(Ou)} Hwo‘”Ll(pt HVG”z

=Wy, dHy 1 (v).
/ /G(v )=t} Hwa“Ll(pt)HVGHZ B

Here, the first equality is because of Assumption I (B3) that VG # 0 and the second
equality comes from the co-area formula. dHy 1(v) is the (d — 1) dimensional Hausdorff
measure.

(q+&F = Ea)
"

. One

Now we fix 0 < u < u and study the inner integral. We pick 75 =

can easily use Assumption [2 (C2) to verify the following facts:
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(1) 7@ >
(2) E(v) — EF > q for v € B>®(vg,75)¢ N {G(v)“: u}.
(3) 7 < 7 = (q+50+72( )—{—m(max{u,r})) .

N n

For the proof of the first two facts, one can use the same method we used at the beginning
of the proof of Lemma and details are omitted. For (3), one can prove it as follows:

g+ & &)

i ;
(e &+ (-8 - &)
n
- (q+ &+ ma(max{a,r}) — TQ(U)) - (¢ + &+ ra(max{u,r}) — Tg(u))”,
n n

where the two inequalities are because of Assumption 2] (C2) and Lemma [B.1]
Then by the triangle inequality, one obtains

lo — v Cat®)
x _——e o, dHy 1(v)
/{c;(v)a} lwall 2 19, o

/ HU — Uﬁlloo e—aé‘(v)pt de—l(v)
(ew=mnB=() [“all 1 VG,

o — val]

o
cto-sroasar Tl IS T

IN

*
v — v,

+ / e
{G(v)=u} HWQHLl(pt)HVC’YHz

S(v)pt defl('l)).

Thus one needs to bound the above three terms. For the first one,

/ H’U — U“H —ozé'(v)pt de—l(U)
(o= [@all i 1V

Pt)|

1
<7 / e W) p, dHyy (v)
=t |wall i, VG, e

1
< f/ e Wy, dHy_1 (v).
6=y [|[wall 1, VG, B
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For the second one,

HU — U“H —ac‘,'(v)pt de—l(U)

—

o=z [wal[VE],”

”U_U“” - (5( )_g)

= TS pydHy

= /{Gv VZA} B (03,7 pt<Boo (v*,r HVG||2 pedHg-1(v)
o = v —a (&)l —rs(max{ir})

< o0 a\c(v U — 13 (max{u,r dH .

B /{G Y=u}NB% (vg,7g)¢ pt(B‘X’ U* )HVG||26 Pt d 1(U)
||U - 'Uu|| _a(g(v)_ga_ (max{ }))

< Y —73(max{u,r dH.

B /{Gv Y=a}NB> (vg,7g)¢ pt(BOO (v*,r )HVG”Q prdHg1(v)

v — val| (o
< ~o(g-ms(max{ur) g
_AGU V=a}NB (va,7a)° pt(BOO U* HVG||2€ Pt d 1<U)
_enlr rs<max{w}>)/ lo = vl g, o)

P il _1(v),
< pt(BOO(U ,7“)) (Gv)=i) HVGHQ pratig—1

where in the first inequality above, we used @ and in the second and third inequalities
above, we used Lemma that |€" — &, | < m3(max{u,r}) and the assumption that 73 is
an increasing function. In the fourth inequality, we used the fact (2) that £(v) — £* > ¢
for v € B(vg, 73) N {G(v) = u}.

For the third term,

HOO

/
=iy [wall 1 VG,

. 1 —aE(v)
v — v e prdHy 1(v)
e Fealpo G, P e

1
<n@ [ e gy dH 1 (v)
N e [wall o IVE, B

€W py dHy 1 (v)

1
<n(w [ e~ g, dH 1 (1),
U - [wall 1o IV, e
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()

where in the first and second inequalities, we used Assumption (C1) that Hvu
and the fact that 7 is an increasing function. Thus

—e€W)p dHy_1 (v)

/{G(v)—ﬂ} ||w0‘HL1 HVGHQ

~ 1 —a&(v)
7 e prdHy 1(v)
/{G(v)ﬂ} HWQHLl(pt)HVGH2 B

o) [ g
pe(B=(v*,1))  Jigw

1
+ u/ S — O : )
" Jr Tl WG, )

IN

- pydHg 1 (v)

= [|[VEll,

We can integrate the above inequality with respect to u from 0 to u to get

/ e el dpt( )
{Ge(Ou)} HwaHLl

(7 4+ 71 ( / du/ —e€W) p dHy_1 (v)
1 aw=i} [[wall 1, HVGH2 S

o q 73(max{u, r} HU _ .
Py gy TR

e—oz(q—rg(max{u,r})) / H H p ( )
vV — Vg v),
pe(B=(v*,1))  Jiceou) oo O1

where in the equality, we used the co-area formula again and the definition of w,. Then
combining with the fact that H : HOO < H : ||2 < \/C_ZH - ||, finishes the proof. O

IN

= 7+ 1 (u) +

I

ArPPENDIX F. THE COMPLETE PROOF OF LEMMA

Proof. Since ¢,. < 1, one can show that

M = [ 6. dn)

So it suffices to find a lower bound for [ ¢, (v)dp(v). To do this, since ¢, € C2(R?), one
can plug ¢, into the Definition (| . to get that

& oo = [ (i) + 1) + 1) dae),
where

Ti(v) = =A(v = va(pr)) - V. (v),
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9 d
g
- ? Z akk¢r( )
k=1

and
Ty(v) = —%/<VG, v¢>.

One can calculate directly that

v—v*

el

Vo, (v) = —2r?

5 0r (V)

)
(22w — v =) (v —v")E —d(r* = (v —v* )2
Oy (v) = 2r 4 "
onto) =2 - @_U)g) )60,

By the expression of V¢,, one knows that T3 > 0 because of Assumption [2| (B1). Thus
wone only has to find the lower bound of T} and 75. The details of bounding them are
exactly the same as [16] Proposition 2. Following the same steps, it turns out

[ (@00)+ 1) doe) = ~a [ 6.0)dputo

where a is the constant defined in the statement of Theorem [4.5l Thus

& [owrdnto)

~ [ (@) + T) + 1)) dn) 2 [ (120) + B) dpu(w) = =a [ én(0)dpr(o

Then applying Gronwall’s inequality will finish the proof. O

APPENDIX G. PROOF OF LEMMA

Proof. Let B = sup¢(o 1y ||va (pt) — v*”2 and B = SUP;e(o,7] V(pt). Also, because of As-
sumption 2| (B2) that G(v) € C2(RY) and G(v) < [|VG/(v)

constant ¢ such that

2, one can find some positive

0G(v)| < ¢, ||[VGW)|| < &1+ [Jo =) (68)
and

G(v) < &|VGw)|* (69)
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Plug G into Definition [3.2] gives
d
det( )Z _/\/<U_Uo¢(pt) VG dpt +—/Z akkdet( )

dt
-+ [ VGl a0

- )\/<v — v, VG> dpt(v) — )\/<v* — va(pt),VG> dpt(v)
+ U2/i <(U — v+ (v~ Ua(ﬂt))i)@ch dpe(v) — %/ HVGHE dpi(v)

The first term is non-positive because of Assumption [2{ (B1) and the second term can be
bounded as follows

—)\/<v* - va(pt),VG> dpi(v) < A

/\/BHVGHdpt(U)

IN

v =) [I9C] dnto)

< )\Bé/ (14 ||o = v*||) dpi(v)

< ABé(1+ V2B),
where the third inequality above is due to (68]). The third term is bounded above by
~ 1
¢o?(B + B?) and the fourth term is upper bounded by —— [ G dp;(v) because of .
ce

Thus one has

y det()<)\Bc(+\/_)+CU(B+BQ)—€—IC/det()

We use D to denote )\Bé<1 + V 2@) + éo?(B + B?).
Now consider f satisfying
d 1
wf=D—=f
ce

with initial condition f(0) = [Gdpo(v). By the comparison theorem, one knows that
before T, [ G dp;(v) is dommated by f, ie. [Gdp(v) < f(t). And one has an explicit
expression for f:

F(#) = D + ( / G dpo(v) — éeD)e= 1/,

When € is small enough, i.e.,

€< %, (70)
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one can deduce

f(t) = ceD + /deo )—ceD) —(/et < zeD /deo —ceD /deo

Thus for ¢t € [0, 7],
[ Gantw) < [ Gano)

This completes the proof. O

APPENDIX H. DETAILS OF THE NUMERICAL EXPERIMENTS
H.1. Figures (1| and Figure [2, The objective function £(v) is the similar to (35|

. [ RN i
min —Aexp (—a = |lv — v||§> — exp <c_l ;COS(271’()(U — U)l)> Lol 4 A

with b = 3, A = 20,a = 0.2. The circular constraint reads,

2
g1(v) = ol = 1;
and the parabolic constraint reads,

2
g2(v) = vi — vs.
The first case is a circular constraint, and the unconstrained minimizer is the same as the

constrained minimizer. )

= —=(1,-1)
, )
V2
the second case is a circular constraint, and the unconstrained minimizer is different from
the constrained minimizer. Therefore,

b =(1/2,1/3), v* = (0.781475;v/1 — 0.7814752).

The third case is a parabolic constraint, and the unconstrained minimizer is different from
the constrained minimizer. Therefore,

0= (1/2,1/3), v* = (0.5428;0.5428%).
We use Algorithm 1 with
N =50, a=30, =001, A=1, 0 =1, 7= 0.01, eg0p = 0. (71)

We set €g0p to be 0 to see the iteration evolves until it reaches 300 steps. All the particles
initially follow Unif[—3, 3]2. We consider the algorithm successful in finding the constrained
minimizer v* if the distance between the consensus point v, and v* satisfies |[v* — V4|00 <
0.01. The distance is measured in terms of .

We use Algorithm 1 in [I3] for the projected CBO method. For the penalized CBO
method, we set the penalty as %G(v), and then apply the CBO algorithm to the following
unconstrained optimization problem,

Ew)=E(v) + %G(v).

v ="
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We use the same parameters as for the two alternative algorithms.

[1]
2]
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