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TIME-CONVERGENT RANDOM MATRICES FROM MEAN-FIELD
PINNED INTERACTING EIGENVALUES
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Abstract

We study a multivariate system over a finite lifespan represented by a Hermitian-valued
random matrix process whose eigenvalues (i) interact in a mean-field way and (ii) con-
verge to their weighted ensemble average at their terminal time. We prove that such
a system is guaranteed to converge in time to the identity matrix that is scaled by a
Gaussian random variable whose variance is inversely proportional to the dimension
of the matrix. As the size of the system grows asymptotically, the eigenvalues tend to
mutually independent diffusions that converge to zero at their terminal time, a Brownian
bridge being the archetypal example. Unlike commonly studied random matrices that
have non-colliding eigenvalues, the proposed eigenvalues of the given system here may
collide. We provide the dynamics of the eigenvalue gap matrix, which is a random skew-
symmetric matrix that converges in time to the 0 matrix. Our framework can be applied
in producing mean-field interacting counterparts of stochastic quantum reduction mod-
els for which the convergence points are determined with respect to the average state of
the entire composite system.
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1. Introduction

Starting with the seminal work of [53] for analysing level spacing distributions of nuclei
in nuclear physics, random matrix theory has proven to be a fruitful research avenue, with
deep mathematical results that have found many applications in numerous fields, includ-
ing superconductors ([8, 11, 27]), quantum chromodynamics ([7, 51, 54]), quantum chaos
([14, 28, 49]), RNA folding ([12, 46, 52]), neural networks ([24, 45, 48]), number theory
([30, 35, 44]), portfolio optimization ([36, 37, 40]), and many others. In random matrix
theory, one often starts with an n x n random matrix for some n € Ny and moves on to
studying the statistical behaviour of its eigenvalues. Such a program has given us an impor-
tant family of non-colliding interacting stochastic processes (that model the dynamics of the
eigenvalues) through Dyson’s Brownian motion and its generalizations ([4, 20, 22, 23, 39]),
which are linked to harmonic Doob transforms in Weyl chambers ([26, 33]). As part of the
literature, we can also see non-intersecting paths over finite-time horizons, whereby all the
eigenvalues are conditioned to converge to a fixed value at some fixed future point in time;
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Time-convergent random matrices 395

see for example Airy processes ([1-3, 32, 47]), Pearcey processes ([13, 15, 16, 50]), and the
temporally inhomogeneous non-colliding diffusions with their path-configuration topologies
([34D).

In this paper, we are also interested in finite-time systems with time-convergent behaviour,
but whose eigenvalues interact in a mean-field way rather than in a non-colliding manner as
above. We additionally ask the corresponding matrices to converge to a random variable gov-
erned by the distribution of all the interacting eigenvalues at a fixed future time, instead of a
set of deterministic points as above. Accordingly, we aim to construct random matrices with
interacting eigenvalues to represent multivariate systems for which their terminal probability
distribution is determined by the weighted ensemble average of the eigenvalues of the system
at that future point in time. We do this by starting from the eigenvalue dynamics and con-
structing a family of mean-field eigenvalues in the spirit of the pinned interacting particles of
[42], while accounting for situations where the dominance of an eigenvalue in determining
the average state of the system can be non-homogeneous. The framework also enables us to
study the space asymptotics of the system as n — oo, when Kolmogorov’s strong law property
holds. In fact, we shall prove that the iterated limits with respect to the size of the system n and
the time evolution ¢ are commutative—i.e. the limiting behaviours of our random matrices are
consistent and exchangeable across space and time.

Our motivation arises from producing an alternative framework within quantum measure-
ment theory in addressing the problem of consistent collapse dynamics of wave functions.
Consequently, our work may lend itself as a mean-field counterpart to finite-time stochastic
quantum reduction models—see [5, 6, 17, 18, 25, 31, 41, 43]—whereby the collapse of the
energy-based eigenstates is now governed by the average state of the full composite system. In
this paper, we shall establish the mathematical groundwork, leaving the detailed study of this
application for separate work.

For the rest of this paper, we fix a finite time horizon T = [0, T] for some T < oo and
define T_ =[O0, T'). We represent the space of n x n Hermitian matrices by H" and the group
of n x n unitary matrices by U” for n > 2. We reserve bold capital letters to stand for matrix-
valued processes, where {H;(n)};eT € " x T) and {U;(n)};eT € (U"* x T). Using the spectral
decomposition theorem, we can unitarily diagonalize every element of H”" by

H(n)=Un)A(n)U;(n) VteT,

where A;(n) = diag{A!""™, ..., A/} is a diagonal matrix of eigenvalues for which the initial
state is Ag(n). We denote by {Aﬁ”)}teT the process that encodes the weighted ensemble average
of the eigenvalues via the following:

1< g
1=

with |8%"| < oo. We choose the coefficient vector B = [ BT normalized so
that

1 e~
- =1 (1)
n i=1

https://doi.org/10.1017/jpr.2022.53 Published online by Cambridge University Press


https://doi.org/10.1017/jpr.2022.53

396 L. A. MENGUTURK

If each 8 :m) > 0, then A;") is a convex combination of the eigenvalue vector
)\'(”) [)\.(1 ) o )Lgn,n)]t

for every t € T. If each " =1, then {Ag")},eqr is the standard ensemble average process of

(n)
the vector-valued process {A; " };eT-
For our stochastic framework, (2, F, {F;};<c0, P) is our probability space, where we work

with mutually independent standard (PP, {;})-Brownian motions {W,(i)},eqr for all i € Z, where
Z=1{1,...,n}.Inaddition, we let {Z") : i € T} be independent identically distributed Gaussian
variables to represent the initial values kg ’"), where Z ~ N(z, k) for some z € (—o0, 00) and
k € [0, oo)—we take the degenerate Gaussian case k =0 as Z® =7z The dynamics of each

eigenvalue {Aﬁi’")},eqr is governed by the interacting system of stochastic differential equations
(SDEs) given by

e L

=20 @)

forallre T_ and i € Z, where f : T_ — R is a continuous measurable function that satisfies

t t
/ exp (— / f(w) du) ds < oo,
0 s

and o #0, p € [—1, 1], and {B;};er is an independent (P, {F;})-Brownian motion that models
common noise in the system. The conditional expectation problem given by

T
v(t, AWy =T [exp <— / h(s) ds> Y (AW ‘ - W)} ,
t

for some i : R — R and integrable function 4 : T — R, can be computed by solving the partial
differential equation

dv(t, L) ) av(f ) 1 () Gm) _ 5 (Gom)
—— ~hovt ")+ § e JOL 'Ezﬁ AT =4
IS

32v(r, A™) 1 32v(r, AM)
o2 L 2
Z 8)»(’ ”)8)»(’ n) 2 ; 6;7& 3}\(1 ”)3)»(/ n) 0’
1 J JFL

with the boundary condition given by

1 . .
TAM =y [ = @my Gm) |
W( )=V (n > B

i€l

The SDE in (2) is a mean-field model. In the classical setting where f is constant and p = 0, the
mean-field limits as n — oo are mutually independent Ornstein—Uhlenbeck processes. We also
refer to [21], where f is constant but p 7 0. In order to achieve our objective of producing ran-

dom matrices that converge to the random weighted ensemble average A(T")I (n)ast— T (where
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I(n) is the n x n identity matrix), we will require f to be a strictly non-constant function—i.e.
one of the conditions we shall ask from f will nullify the situation where f can be a constant.
Accordingly, if we choose p =0, the decoupling property of mean-field models is still main-
tained, but where the individual eigenvalues tend to mutually independent pinned diffusions
(see [29, 38]) as n — oo: essentially re-coupling at time 7, unlike Ornstein—Uhlenbeck pro-
cesses. Therefore, we will encounter examples where we get mutually independent «-Wiener
bridges (see [9, 10]) in the mean-field limit, where the Brownian bridge is the archetypal sub-
class. In fact, we shall see that the mean-field limits (n — oo) and the eigenvalue gaps (for any
n) are both driven by pinned diffusions.

This paper is organized as follows. In Section 2, we study several mathematical properties
of the system in (2) and their implications on {H(n)};cT as t — T and n — oo. We also provide
some numerical simulations for demonstration purposes. Section 3 is the conclusion.

2. Main results

For the remainder of this paper, we let the components of the diagonal matrix process
{A;(m)};eT be governed by the system of SDEs given in (2), and choose any continuously
unitary process {U;(n)};er when working with H,(n) = U;(n)A(n)U; (n) for t € T.

Lemma 2.1. Let ZO =27 ~ N (z, k) for each i € I. Also let G~ N (z, F(”)) be a Gaussian
random variable with

r®™ =y +o°T (p +—— ||ﬁ<”>||L)
where ||/3(")||i2 = 2;1:1 (BY"™)2. If the map f : T_ — R in (2) satisfies

(i) lim7 [y f(s)ds = oo, and
(ii) [y f(s)ds <oo foranyteT_,
then the following holds:

lim A" & G, 3)

t—T
Proof. Using (2), the weighted ensemble average process has the representation
1 <& ) . N o 1 — 02 & ) .
AP =23 g =7 4 opB,+ T3 gl
n = n -

4
since we have the normalization condition Z?:l ﬁ(i*”)zn. The solution of (2) is thus
given by

/\5‘*”’ =7+ 0pB;

LS gy o [1 70 y ()
o 1—p2 | 1S pimpt +/ wo — / 7D g gy
n; f Z y(s)
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n

~ 1 . .
=Z+o0pB +oy/1—p2 | =Y pimw)
n

j=1
A ;
to1—p2 | y¥? — - DIV AARV o B 5)
j=1

where we define the function y : R — R and the process {Yt(i)}le']r as follows:
t . t .
y() =exp (— / f(w) du) and YV = / y() 1dw®, forreT_.
0 0

Since affine transformations of Gaussian processes are Gaussian, Agi’") is Gaussian for any
teT_ and i € Z. Following the arguments of [29, 38], we apply It6’s integration-by-parts
formula to get

/
d(ro~w?) = ar? - w L= D g,

"y

where y'(f) = dy(¢)/ dr. Hence, computing the derivative and integrating over time, we have

t / t
_ i i A (@) (i)f(s)
(1) lW(”:Y(’)—/ WO ds=v," + | wO= ds.
O et T T L T e

Rearranging the terms and multiplying both sides by y (), we reach

. . t .
y? =y w - / w8 g
0 y(s)
- - t .
=yY," =w" - f WOU(s, 1) ds,
0

where we have
Us, ) =f(s)y ()™ y .

Since lim;_, 7 f(;f(s) ds =00 and [ f(s) ds < oo for any T € T_, we have

/T U(s,)ds= & —y() = lim /T U(s,)ds =0,
0 y(T) =T Jo

t 1
/ U(s, t)ds=1—)/(l‘):>lim/ U@s,)ds=1,
0 =T Jo

for any 7 € T_, which implies that U : T?> — R, is an approximation to the identity as in [38].
This means we have the following convergence:

. t
P (lin} (W,(’) - [ WU (s, 1) ds) - o) —1, (6)
— 0
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given that the Brownian motion {W,(i) }teT has continuous sample paths P-almost surely (a.s.).
Therefore, we have

P (lim y(tY? =0> =1,
t—T
P 1im L Xn:y(r)y(“ —0]|=1
t—Tn ! ’
j=1
which in turn gives us the following:
1 n
: (i) )
Pl1 Ny, — - nYy |=0]=1.
lim | y(0Y, nzr() ?
Therefore, taking the limit as t — T of Aﬁi’”) as solved in (5), we get

L i
in) _ 5 - Gmwd | .
}LH%K Z+opBr+o41—p nEl'B Wi | P-as., @)
J:

which provides L!-convergence as xﬁ"’") is Gaussian for f € T_. Since Z is mutually indepen-
dent from {B;};cT and {Wt(l)}teTv it follows that

~ 1 & : 3\ law A 1—
Z+0pBr 4041 - p? ZZﬁV*’”W? EZ40\ [0+ —— ||/3<”>||2 Xr
j=1

~N (z, K +0°T (p +— IIﬂ(”)II )) : (8)

given that {X;},er is a standard (P, {F;})-Brownian motion, where X7 ~ A (0, T). O

When each eigenvalue process in the system starts from the same random number Z, the
terminal random variable to which each eigenvalue {)\El’")} reT converges no longer depends on
the index i. In addition, if we set ,3(””) =1 for all i € Z, then we get

1 — 2
F(")|—>K+02T<,02+ p )

n

The result below demonstrates the convergence behaviour of the matrix system when the initial
condition is a constant.

Proposition 2.1. Keep the conditions of Lemma 2.1, where the initial state Z=zis fixed for
all i € T. Then, with G ~ N (z, F(")) where

r®=o’r (p 2 g, ) ©
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the following holds:

law

hm H,(n) £ G"In), (10)

where I(n) is the n X n identity matrix.

Proof. If 7= Ag ) = zis a fixed number for all i € Z, this equivalently sets « = 0 in (8), where
we get the terminal random variable that satisfies

2+ 0pBr +0y/1 - Zﬂ(’”)W(’) ~N(z, 2T(p +1 ||ﬂ(">||Lz>>. (i

] 1

As seen from (3), the terminal law is independent of the index i € Z, which provides us with
the observation

lim A{"" &Y G<">=>hmA(n) Y GOI(n). (12)

t—T

Hence, using (12), we get
lim H,(n) Y Ur()G™Im)U%(n)

=GMUr(n)Us(n)
=G"I(n),

since {U;(n)};eT is a continuous unitary matrix process, which completes the proof. [l

If Z=z and p =0, then G ~ N(z, n=262T| |,B(”)| |%2)—if the system starts from a fixed
value and there is no common noise factor in the system, Proposition 2.1 shows us that the
system converges to the identity matrix scaled by a Gaussian random variable whose variance
is inversely proportional to the dimension of the matrix, as r — T For us, the case where Z = 0
is of fundamental importance; for this case, if we also have ,B(/’") =1, then the law further
simplifies to G™ ~ N (0, n_lazT).

Corollary 2.1. Keep the conditions of Lemma 2.1. Then {Hy(n)};cT converges to the weighted
ensemble average of its eigenvalues A(T") In)ast— T, P-a.s.

Proof. From Equations (4) and (7), we see that each eigenvalue process {A;i’")} 1T converges
to the weighted ensemble average A(T") as t — T, P-a.s. Thus, we have the following:

lim A, (n) =A™ I(n).
Jim () =A7;"I(n)

The result follows since {U;(n)};cT is a continuous unitary process. U

Every unitary matrix has an exponential representation in terms of some Hermitian matrix.
If {U;(n)};cT is deterministic with

U,n)= eiV(n)M(l)’
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where V is a Hermitian matrix and wu : T — R is a differentiable function, then {H,(n)};cT is
governed by

t t
H(n) :/ L |:iaa—l:V(n), Hs(n)] ds + U,(n) </ dAs(n)> U;k(n), forallteT_, (13)
0 0
where L is the commutator with
d a
c [za—’f Vin), Hz(n)} = ia—‘f (V()H (n) — H,(n)V(n)).

This follows since dU,(n) dA,(n)= dA(n) dU}(n) = dU,(n) dU;(n) =0, and using It6’s
integration-by-parts formula,

dH,(n) = dU(m)A(m)U; (n) + Ui(n) dA(m)U5 (n) + Ui(m)A4(n) AU (n),

where we have dA,(n) from (2). Also, since U,(n) = ¢V *®  we further get
dU;(n)A(n)U5 (n) = 15 V()Ui(n)A(n)U; (n) dt = IEV(n)H'(n) dr,

U,(n)A(n) AU (n) = —i%—‘; U A (m)V(mU*(n) di = —i%—l;H,(n)V(n) dr,

which provides us with
d
AU (m) A (U7 (n) + Ur(n) Ay(n) AU} (n) = L [ia—l;V(n), Hz(n)] dr

Thus, if a random matrix process satisfies the SDE (13), where its eigenvalues {A;(n)};cT are
driven by (2) with the conditions in Lemma 2 met, then we are working with a system where
lim,_, 7 H,(n) = AYI(n).

The eigenvalues of {H(n)};cT are Gaussian, and the following result provides their covari-
ance structure, which in turn generalizes the covariance trajectories of [42]. Without loss of
much generality, we shall set Z =0 as a fundamental scenario for the analyses below.

Proposition 2.2. Keep the conditions of Proposition 2.1 with Z=0. Then

. . 1—p?)|IB™ 2
E[Aﬁ””h?’")]:azr(pz ( i”ﬂ ”) o2(1 — pHLi =) / y&

201 _ 2 _ A ' M2 ar
+ o"(d—p%) (B + lg(l,n))f & ds — 2—“}3 22 / & ds
n 0 r() n 0 v()

2 2 2 (n))2 2
_ o (1n 1Y ) ((,B(l D) +IB(]n))/ (t) ||ﬂ ||L2 /t J/(t) dS) (14)
0

J/(S)2 n y(s)?

is the covariance process of the system for i, j € I, where 1(.) is the indicator function.
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Proof. Note that E[Agi’")] =0 when Z = 0. Hence, E[Aﬁi’")ky’")] is the covariance at every
t € T. Using (5) with Z =0 for any i, j € Z, we have

1/f(u) 232
t
/1 O V(t) W _ (k) YD) V(f) W
+ opBio LW, / — - ,3 :
’ ( Z yo o
/ 1 ¢ o V(f) YO
+0opBioy/1—p2 |~ LW, +/ ‘ / glm I gy
f n ; i el Z TOR
For the full product, we thus have
Aﬁi’”)ky’”) - (u) + Z gk n)IB(l,n)Wt(k)Wt(l)
k=1 I=1
2 2y
o“(1 —p°) (kn)/ 7/() (k) 0)
+——") % dw!
n Z 0 )/(S)

2 1— 2y ¢
n o ( - o )ZIB(I’")/ VE ;Wz(l) dW(’)
=1

2 o [F @ ()
+o°(1—p )/ / — dwg” dW;
0o Jo v
0‘2(1—,02) - a )/t/ V()
_ -~ "7 n dw(l) dW(l)
n ;’8 o Jo v(?

2 t
_M ) / Y® L)
— ZE prmp e W

k=1 I=1

_02(]_102)2”:/3(](‘") /l‘/ y(t) awo qw®
no = o Jo (2 0

2(1 — 2) Z Z ,B(k .n) o, n)/ / ;Etiz dW(l) dW(k) (15)

k=1 I=1

Next, we take the expectation of the product above. First, since {B;};eT is a mutually
independent Brownian motion, we get the following:

o[yt) -]

= 02,021‘.
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All Brownian motions {W,(i)} reT are mutually independent. Using It6 isometry, we have

zn:ﬁac,n)E [/t/t&dwglo dW(i)]:ﬁv,m /I@ds
! 0oJo v ° * 0o v
iﬂ(l,ﬂ)E |:/t/ J/(t) dW(l) dw(l)i| =ﬂ(i,") /t & d
= 0 Jo () 0 ()
— 0 () 2o v
In addition, we have the following:
n t
E Ln) / / 405 aw® aw® | = gim / @? oo
[;ﬁ 0 Jo v(9)? P 0 ¥()?
n t 2
E (kn) / / r@? aw awd | = gim / ro”,
[;ﬂ o Jo v(s? P 0 J/(S)2
Summing all the components, we have the following:
B =
2 2y 1 )
2.2, , 0 (1=p7) (k)2 (k) y1 () 201 2 ._./ y(®)
A I PE[WOWE ] +ota —pii=p | T
201 — o218 |12, gt
L2 o%(1 p)(ﬂ(‘")+ﬂ(’"))/ y(t) s 20( pzllﬂ ||L2/ Mds
n 0o Y
_M (i) (/n)/ ro® o*(1 = p))IIB™II /[ 408
B+ ) S ds + - v ds, (16)
O

which completes the proof.
The covariance structure in [42] becomes the following corollary of Proposition 2.2

Corollary 2.2. Keep the conditions of Proposition 2.1 with Z=0, and set BN =1 for all
i € I. Then the following holds:

. . 1— 02
EG0 Z o2 (,02+( n,O )>

r® Ly?
+0%(1—p )(1(1—])/ e )2 ;/0 B ds), 17

as the covariance process of the system for i, j € L, where 1(.) is the indicator function
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The next result consolidates Proposition 2.1 with the limiting behaviour of the covariance
structure given in Proposition 2.2.

Corollary 2.3. Keep the conditions of Proposition 2.1 with Z=0. Then
. ), G (1-p%
}Ln% ]E[Aﬁ’*”)/\ﬁ’ n)] =0T (,02 + Tﬂﬂ(mﬂiz .

Proof. Since we have the conditions (i) lim;—7 fot f(s)ds =00 and (ii) fof f(s)ds < oo for
any t € T_, we must have, for k € [1, 00), the following:

t
lim f kf (s) ds = 00
=T Jo

T
/ kf(s)ds < oo
0
for any 7 € T_. Hence, we define the scaled function

gk(1) = kf ()

forall t € T and let
t t
Ui(t) =y =exp (— / gk(u) du) and Z = f Wi(s)~'ds, forreT_.
0 0

Using integration by parts, we get

Wi (s)
Wi(s)?

Wi (1)
Wi(1)?

t
d(%(r)*z): 4z, —1 o = wk(r)—ltzz,—f p
0

and therefore,

8k(s)
Wi(s)

where Vi (s, 1) = gk(s)\IJk(s)_llllk(t). Using the continuity of the function #, and taking steps
similar to those of Lemma 2.1, we thus have

t
lim (t — / sVi(s, 1) ds) =0, (18)
t—T 0
which implies that

. ) r o [TY@®F O\
,ILH} (o 1-=p )1(1_1)/0 o) ds> =0,
)2 t
lim( ( —p ) ((,B(ln)-i-ﬁ(]n))/ V(l) ds — 2||ﬁ ||L2/ Mds>>=0,
(T n 0 Y

; A=) [ aim . aGm / y® o B /’ y (> _
zlgl} (T ((ﬂ A y(s)2 n 0 V()2 ds))=0.

if we choose k =1 and k = 2. The result then follows from Proposition 2.2. O

t t
v lt=7+ f s ds = WVZ=t— / sVi(s, 1) ds,
0 0
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In random matrix theory, it is typical to see non-colliding eigenvalues; this behaviour arises
endogenously from many random Hermitian matrices studied in the literature where the matrix
entries are continuous semimartingales (see Bru’s theorem [19, 34]). On the other hand, we
start with the eigenvalue matrix {A;(n)};cT, which may collide. For eigenvalue gap dynamics,
we have the following result.

Proposition 2.3. Keep the conditions of Lemma 2.1. Let {S;(n)};cT be a matrix-valued process
where each element is given by

SO — 3 Gim _ 5 G

so that Sy(n) is a skew-symmetric matrix with zero diagonals for all t € T. Then the following

holds:
(i.j) law Py s
Sy :0\/2(1—/)2)/ ?dWS(”f) fori#j and VieT_,
0o Y

where {Wl(i'j )}[e'ﬂ‘ is a standard (P, { F;})-Brownian motion. Hence,
lim S;(n) = 0(n).
t—T

Proof. 1t is clear that S;(n) is a skew-symmetric matrix with zero diagonals. Using (5), we

have
.. L oy(t . Lot .
S =0y1-p? ( [ 2 aweo - f n dw?))
AS) 0 Y(s)

t

D A

lga,/l—pzﬁ/ &dwg'vﬁ.
0

y(s)
Finally, lim,_, 7 S;(n) = 0(n) follows from (6) since {Wt(i’j)},eqy has continuous paths P-a.s. [

The result essentially shows that the expected distance between any pair of eigenvalues is
itself a Gaussian process with zero mean, which shows that the eigenvalues collide on average.
Note also that each eigenvalue gap process {Sﬁ”j )} teT above is a diffusion that is pinned to zero
at time 7.

We shall now take limits with respect to the size of the system, that is, as n — oo, to get the
mean-field limits of the interacting eigenvalues. First, we label the following assumption that
we shall use when we study convergence properties with respect to the size.

Assumption 2.1. Kolmogorov’s strong law property holds:

00 (k)2
oSBT

<

S <o, (19)

k=1
where X = &M for all k < n.

As an example, if we set %) =1, then I =2/6. We are now in a position to state the
following result.

Proposition 2.4. Keep the conditions of Lemma 2.1 and define

lim A" 20,
n—oo
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given that (19) holds. Then

. N t f .
D=7+ 0pB;+0\/1—p? </ 7@ dW§‘>> , (20)
0

y(s)

forieZ. If p=0and 7 =0, then the {é;f,(i)}teqr are mutually independent.

Proof. Since Kolmogorov’s strong law property (19) holds, the strong law of large numbers
gives the following limits:

L i e i
Jim DU =0 @y
j=1
Z/ (t)ﬂ(/")dw(/) 0,
e y(s)

which hold P-a.s., since we have fé (t)2 (s)~2ds < 0o. The SDE given in (20) then follows
from (5). The mutual 1ndependence when p=0 and Z=0 is due to mutually independent
Brownian motions {Wt }eT across i€ L. U

Example 2.1. If f(r) = 6" log (6) /(0T — 6") for some 0 € (1, 0o) for t € T_, then

t T t
Z(Z)ZZ—FO',OBI—FU‘/]—,OZ (/(; de§Z)> (22)

Note that if & = exp (1), then f(#) = exp (r)/(exp (T) —exp (¢)) fort € T_.
Example 2.2. If p =0 and f(f) = cot (T — t) for t € T_, then

N oA ! sin(T — ¢
D—Z+o / sin@ — 1) aw®, (23)
o sin(T —s)
given that 7' < 7 holds.

Example 2.3. If Z=0, p=0, and f(t) = o /(T — 1) for t € T_ for some « € (0, 0c0), then the
mean-field limit consists of mutually independent «-Wiener bridges for i € Z, where

; (T —-1* ;
;ﬂzg/’L__dep. (24)
o (T'—s)

More specifically, if we have @« =1 and o = 1, then each {E,(i)},eqr is a mutually independent
standard Brownian bridge.

The mean-fields given in (22), (23), and (24) are examples amongst many others that can
be found by choosing different f that satisfy the conditions in Lemma 2.1.

Remark 2.1. If there is no common noise in the system with p =0 and we have Z =0, then
the following holds:

SE Y /26D forte T and i # .
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Hence, each gap process {Sgi’j) }teT for any matrix dimension n behaves as the (scaled) mean-

field limit of the system as n — oco. However, {S;i’j)}teqr are not mutually independent across
i,j€Z even when p =0.

Proposition 2.5 below provides us with a consistency result for the system, where the double

limits of every {)\5"’")}@ as n— oo and t — T are exchangeable; that is, the order of taking
these limits does not matter.

Proposition 2.5. Keep the conditions of Lemma 2.1 and let (19) hold. Then

lim lim A" = lim lim A"
t—T n—00 n—oo t—T

=7+ opBr VieZ, P-a.s.
Proof. Using (20) and the convergence in (6), we get the following double limit:

lim lim A(’ M _ 11m E(’)

t—T n—0o0

=Z+opBr P-as.

When we start with lim;_, 7 Agi’"), using (7) and (21), we have

L e i
lim lim A" =Z + opBr + hm o4/1 — p? —Z,B(”")W(T’)
n—00 t—T n =

]:

=Z~|—O‘,OBT,

P-a.s. Hence, the iterated limits commute for any i € Z. O

If Z =0 and if there is no common noise with p =0, it can be seen from Proposition 2.5
that the entire system converges to zero in the above double limits, irrespective of their order.
If Z=0 but p #0, then the system converges to the same random variable dictated by the
common noise. Note also that if p € {—1, 1}, then the whole system is essentially driven by the
common noise process {B;};cT, which can be seen from (5).

2.1. A numerical study of eigenvalue convergence

To demonstrate how the system of eigenvalues behaves as t — T and n — oo, we shall
provide numerical simulations. We discretize the SDE in (2) using the Euler—Maruyama
scheme over the lattice 0 =1ty <t <...<t, <T for some m € N;. We denote our numerical

approximation of {""},cr by {X(’ ’)},keqy for i € Z, and work with the following:
. | A .
s =30 a0 (130 pgn g )

ey1 —
+o <p (Byyr —By) +4/1— (W,(,:? W,(ki’"))> ,foreveryieZ, (25)
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where we set iﬁé””:O, 8=T/m, and 1, =k5. As an example, we choose f(f)=

6" log (9)/(0T — ") for some 6 € (1, 00), as in Example 2.1, so that

< /7 NG .
)ng,n) =0pB,+ 0 Z ’3(1 n) (I) E@ - Osi dWA(.l)
1 & 0—0
! Z/ ( S)ﬂom awd)
n 5 0 — 6%)

for every i€ Z, where we set T=1 for parsimony. We also choose m = 1000 for the time
lattice, so that every time-step we move on is § = 0.001. For the averaging coefficients gU-")

forj=1, ..., n, we choose the following scheme as an example:
,B(j’") _ 2jn
nn+1)

n
= Z BUM = .
j=1

Hence, our choice satisfies the normalization condition in (1). In addition, we have the limit

I8 ZW - Z
. 2 _ 2 L — .
nl—l>nolo oTTyl=p n2 nlino (n2 + n)2

402T\/1 — Z 5

n—>oo (n + n)2

=0, (26)
which implies that I'” in (9) as provided in Proposition 2.1 converges to the following:

lim T =o2Tp?.

n—oo

The convergence in (26) further gives us

, @m,Gmy_ 2.2 2 2 "0 -6
lim E[A,7A =0"tp"+ 0o (1—p)1(i=j)/ ds,
n— 00

0 (6—6%7?
by Proposition 2.2. Finally, we thus have the double limit of the covariance process given by

lim lim ]E[A(' ")A(] n)] = lim lim IE[)»“ ")A(] ")]

n—>oo t—T t—T n—>0o0
= 02T,02.
If there is no common noise in the system with p = 0, the variance of the system converges to
zero as n — oo and t — T. If there is common noise with p # 0, there is irreducible variance in

the system at these limits. For the simulations below, we shall set ¢ = 1 without loss of much
generality.

https://doi.org/10.1017/jpr.2022.53 Published online by Cambridge University Press


https://doi.org/10.1017/jpr.2022.53

Time-convergent random matrices 409

2.1.1. No common noise p = 0. First, we consider the case where there is no common noise
in the system, and gradually increase the dimension of the matrix process {H;(n)};cT. From
Proposition 2.1, for any fixed n, we have the terminal law

lim Hy(m) ~ N (0,7 1),
t—T
where the variance in our example is given by

™ 27"”'3(n)||i2 4 i 2 27
=0 = s
n2 (n2 + n)? pa J

with 0 =1 and 7 = 1. From Corollary 2.1, we also know that this is the law of the weighted
ensemble average of the eigenvalues A(T") .

For our simulations below, we begin with the case where we set § =2. Note that 0 has
no impact on the terminal law of the system at time 7', which can also be seen from (27);
however, this parameter affects the covariance structure of the system until time 7. Since every

eigenvalue has to converge in time to the same random variable A(T”) , different choices of 6

can be interpreted as controls on the speed of convergence to A(T"). In other words, even if the
covariance of the system may increase with different choices of 6, all the eigenvalues of the
system must converge to the same random value nonetheless, which creates different pressure
points on the system. Therefore, we shall later change this parameter to demonstrate its impact
on the trajectories of the eigenvalues.

In Figure 1, we have n = 10, n =100, n = 500, and n = 5000. Note that the system ends up
closer to zero at time 7 as we increase the dimension of {H;(n)},cT. This is no surprise, since
the variance of the terminal distribution is inversely proportional to n. For the given choices
of n, we thus have I'10 ~0.1273, 719 2 0.0133, %9 2~ 0.0027, and ['*% ~0.0003,
respectively. In Figure 2, we plot the terminal law of each case in accordance with the eigen-
value trajectory plots above. By (26), the terminal law converges (in terms of distributions)
to Dirac at zero as n — o0o. In Figure 3, we provide an example where we keep n = 5000 but
choose 8 =2 x 10°. As discussed above, this doesn’t change the terminal law, and hence we
still have "G99 ~ 0.0003. However, the shape of the evolution changes: note how the maxi-
mum covariance of the system is shifted closer to 7, relative to the case of 6 = 2 at the bottom
right of Figure 1. As a result, the pressure to converge to A(T") increases with increasing 6 as
t—T.

2.1.2. Common noise p # 0. We shall now admit common noise in the system with p = 0.5 as
an example. Now the variance in our example is given by

0.75]18"112, 3 &
rm—s2rlo25+ —— L) _—0254+ —— 2,
o ( + 3 + 12 /—21]

with 0 =1 and T = 1. Instead of gradually increasing the dimension of {H(n)};cT as before,
we shall start with n = 5000 to avoid repetition. Moreover, we shall provide simulations for
both =2 and 6 =2 x 10% to compare these two cases. First, we provide a sample for § =2
in Figure 4.

Finally, we set @ =2 x 10° in Figure 5. Note that the maximum variance is again shifted
towards T as we increase 6, which in turn increases the pressure to converge to A(T").
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Eigenvalue System
Eigenvalue System

-2 -2|
“bo 02 0.4 0.6 08 10 “bo 02 04 06 08 1.0
Time Time

Eigenvalue System
Eigenvalue System

“ba 02 0.4 06 o8 10 “ba 02 04 06 08 10
Time Time

FIGURE 1. Top left and right: n = 10 and n = 100. Bottom left and right: n = 500 and n = 5000.
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FIGURE 2. Top left and right: n = 10 and n = 100. Bottom left and right: » = 500 and n = 5000.
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3 - 1.00
0.75
2
0.50
1
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d
>
(V2]
g 0 X ——
=
>
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= -0.25
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-0.50
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-3, . ) 0.6 ) 10 100 10 20
Time Terminal Distribution

FIGURE 3. Left: n = 5000, 6 =2 x 105, p = 0. Right: distribution of A},

3 1.00

0.75

0.50

0.25

0.00

-0.25

Eigenvalue System

—0.50

=0.75

3o 0.2 0.4 06 08 10 +9°7535 050 075

Time Terminal Distribution

FIGURE 4. Left: n = 5000, 6 =2, p = 0.5. Right: Distribution of A{".

Because of the common noise factor, we have 5000 ~ (0.2502 instead of T390 ~ 0.0003
as when we had p = 0. This is a considerable increase in the variance of the random termi-
nal value, the ensemble average A("), which is why we have a higher probability of getting
eigenvalue trajectories that end up away from zero as t — 7.

https://doi.org/10.1017/jpr.2022.53 Published online by Cambridge University Press


https://doi.org/10.1017/jpr.2022.53

412 L. A. MENGUTURK

-0.25

Eigenvalue System

-0.50

-0.75

.0 0.2 0.4 0.6 0.8 1.0_' 0.25 050 0.75
Time Terminal Distribution

FIGURE 5. Left: n = 5000, 6 =2 x 106, p =0.5. Right: Distribution of A}

We have only considered a specific model of a system that can be studied as part of our
proposed framework. Many other examples can be constructed by choosing different f, as long
as it satisfies the conditions in Lemma 2.1. We shall briefly discuss another example, which
yields mutually independent «-Wiener bridges as n — 0o, where we have

(i) _ wo _ (T —)* 0
A dwy’, 28
= [ et 3 [
for i € 7. Using Corollary 2.2, we get the covariance process

—r\2e\ _(T—=1\2@\ _
ﬁ +1(i=)) T(l_(zzT—i ) - T(l n((2T:—)1)) t’ o F#

L1 =)~ Dlog (5) - SR og (TF) . a=

’

Ef 2" = (29)

Pl— l—

Note that for o # %,

20
T (1= (5)™) - Tt T (L)
lim = lim —um@
t—T 20— 1 -T2 —1 7T 2a—1
=0.
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Also, for o = % using I’Hopital’s rule, we have

T—t log(—TT_’)
lim (t — T)1 =
A= Dlog (=)=
i 2102 7D
=lim &= T
=T 3t —T)

t—7)"
=1m ———m——-—
—>T —(t—=T)2

tlm( t)
—0.

This means that for any fixed n, we get the following covariance time-limit:

. . T
lim B0 = = (30)
t—T n

On the other hand, we get the covariance space-limit

T—\2e)
l(i:j)w’ o #

1 =j)t —Tlog (%), «

)

lim EAAV"] = G1)
n— oo

[STE ST

We thus have the commutative double limit of the covariance:

lim hm IE[X(' ")A(’ M = hm l1m E[X(l "))L(’ "1

t—T n—
=0.

We shall omit further numerical simulations for this family of eigenvalues in order to avoid
repetition.

2.2. Different systems with the same terminal laws

One of the key observations from Proposition 2.1 is that the terminal law of {H;(n)};eT
does not depend on the choice of f (as long as it satisfies the aforementioned conditions).
This means that we can work with multiple matrix systems with different eigenvalue dynamics
driven by different f functions, and still converge to random variables equal in law to each

other. More precisely, let {H gk)(n)}teqr be a Hermitian-valued process, where {A(k (n)}ser 18 its
corresponding eigenvalue matrix process, with Hgk)(n) Uﬁk)(n)A(k)(n)U (k)(n) for all teT
and k=1, ..., mfor some m € N;. We denote the individual eigenvalues by

AP @) = diagn 0L Ry

where the initial states are Ag{)(n) =0. We again let {Aﬁ"”‘)}teqr be the weighted ensemble
average process given by

1 ;
AP = 3 A i,
i=1
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with || < 0o and h B8 = n. For the following arguments, we also set
ﬂ(n,k) — ﬁ(n,l) — Ig(ﬂ)

fork,I=1, ..., m. As before, eigenvalue dynamics form an interacting system of SDEs
G0 =g 00 (A0 ) o (pan i pran )

for all r€T_ and i€Z, and k=1,...,m, where each f®:T_— R is a continuous
measurable function satisfying

t t
/ exp (—/ f(k)(u) du) ds < oo,
0 K

and o0 #0 and p € [—1, 1]. Here, {Wl(i‘k)},eqr and {ng)},eqr are mutually independent standard
(P, {F:})-Brownian motions.

Proposition 2.6. Let each map f© satisfy

(i) lim; 7 féf(p)(s) ds = oo, and
(ii) [y fP(s)ds < oo foranyT e T_,
forp=1, ..., m. Then the following holds:
tim H{" () 2 lim H{" 1),
forevery k,I=1,...,m.

Proof. The statement follows from Ag()(n) =0 and B0 = gD = B for every k, [ =
1, ..., m and using Proposition 2.1. (|

Finally, using the mutual independence of all the (PP, {F;})-Brownian motions above, the
time limit of the ensemble average of the matrices can easily be computed:

1 m
lim — > H ()2 RO 1w,
k=1

t—T m

where R ~ N (O, 8(”)) with
2 2
o°T 1—p
W= o <,02 + i ||/3(n)||iz) .

Therefore, without knowing the details about each f® that dictates the stochastic dynamics

of the underlying eigenvalues for each {Hgk) (n)}seT, we can still derive conclusions about the
limiting behaviour of these matrices as discussed above.
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3. Conclusion

We studied a multivariate system modelled by a random matrix whose eigenvalues interact
in a mean-field way and converge in time to their weighted ensemble average. We produced a
class of Hermitian-valued processes that converge to the identity matrix scaled by a Gaussian
random variable with variance inversely proportional to the size of the system. As future
research, the framework can be extended so that there are multiple distinct time points over
the evolution of the system at which the eigenvalues converge to their respective weighted
ensemble averages in a successive manner. For this direction, a different but related frame-
work was studied in [43] to analyse energy-based quantum state reduction phenomena when
quantum observables are measured sequentially at different times. We believe that the mathe-
matical machinery we have provided in this paper can be used to produce mean-field interacting
counterparts of such quantum reduction models.
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