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Abstract

This work proposes and analyzes a new class of numerical integrators for computing low-
rank approximations to solutions of matrix differential equation. We combine an explicit
Runge-Kutta method with repeated randomized low-rank approximation to keep the rank
of the stages limited. The so-called generalized Nystrom method is particularly well suited
for this purpose; it builds low-rank approximations from random sketches of the discretized
dynamics. In contrast, all existing dynamical low-rank approximation methods are deter-
ministic and usually perform tangent space projections to limit rank growth. Using such
tangential projections can result in larger error compared to approximating the dynamics
directly. Moreover, sketching allows for increased flexibility and efficiency by choosing struc-
tured random matrices adapted to the structure of the matrix differential equation. Under
suitable assumptions, we establish moment and tail bounds on the error of our randomized
low-rank Runge-Kutta methods. When combining the classical Runge-Kutta method with
generalized Nystrom, we obtain a method called Rand RK4, which exhibits fourth-order
convergence numerically — up to the low-rank approximation error. For a modified variant
of Rand RK4, we also establish fourth-order convergence theoretically. Numerical experi-
ments for a range of examples from the literature demonstrate that randomized low-rank
Runge-Kutta methods compare favorably with two popular dynamical low-rank approxima-
tion methods, in terms of robustness and speed of convergence.

1 Introduction

In this work, we aim at approximating the solution A(t) to large-scale matrix differential equa-
tions of the form

A(t) = F(A(®t)),  A(0) = Ag € R™*", (1)

In many situations of practical interest, an autonomous ordinary differential equation can be
naturally viewed as such a matrix differential equation. Examples include applications in
physics [13, 22], uncertainty quantification [2], and machine learning [2I]. For large m, n,
the solution of (Il) becomes expensive; in fact, it may not even be possible to store the en-
tire matrix A(t) explicitly. To circumvent this limitation, model order reduction techniques
can be employed. An increasingly popular approach is based on exploiting (approximate) low-
rank structure of A(t), which arises, for example, from smoothness properties of the underlying
physical system. In particular, dynamical low-rank approximation [I5] approximates A(t) by
evolving matrices Y (¢) on the manifold M, of rank-r matrices. As only the rank-r factors of
Y (t) need to be stored, this already reduces memory requirements significantly when r < m,n.
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By the Dirac-Frenkel variational principle, the matrix Y (¢) is obtained by solving the differential
equation

Y(t)=B(Y@)F(Y (1), Y(0)=YyeM, (2)

where P.(Y(t)) denotes the orthogonal projection onto Ty M,, the tangent space of M, at
Y (t). To also achieve a reduction of computational cost, one needs to exploit the low-rank
structure of Y (¢) when integrating (2)). As shown in [I5], this can be achieved by rewriting (2])
as a system of differential equations for the rank-r factors of Y. However, directly integrating
this system with standard explicit time integration methods often leads to poor approximation
results, unless (very) small time step sizes are used. This is caused by the additional stiffness
introduced by small singular values of Y (¢). To address this issue, special integrators have been
proposed that are robust to the presence of small singular values and allow for much larger step
sizes. These methods include the projected splitting integrator [19], projection methods [14} 9]
as well as Basis Update & Galerkin (BUG) integrators [6l [7, [§]. Under the assumption

|F(Y)—P.(Y)F(Y)||r <§ for all Y € M, N {suitable neighbourhood of A(t)} (3)

all these methods exhibit at least first-order convergence up to O(€), both theoretically and
numerically. The mid-point BUG [6], a variant of the parallel integrator [18], and the projected
Runge-Kutta methods [14] are the only provable second-order integrators up to O(€). Projected
Runge-Kutta methods can also achieve higher order.

Assumption (@), which says that F'(Y') is nearly contained in the tangent space, is arguably
a strong assumption. For small € > 0 it implies, at least for short times, that A(t) can be well
approximated by a rank-r matrix, but the reverse is not true. In particular, it is possible that
A(t) can be well approximated by a rank-r matrix even if () is not satisified with small €.
According to [I4], this can occur, for instance, when the manifold M, close to A(t) has tiny,
high-frequency wiggles, or when the range and co-range of Y are contained in the orthogonal
complement of the range and co-range of F(Y'), respectively [I]. Concrete examples are given
in Section @l When Assumption (3]) is not satisifed with small €, the use of tangent space
projections in numerical methods bears the danger of introducing unacceptably high errors.

In this work, we develop low-rank time integration methods for (Il) that do not rely on (&)
but only require A(t) to admit accurate low-rank approximations. Our approach is based on the
notion of projected integrators [11, Ch. IV.4], which first perform a standard time integration
step and then project back to the manifold. For the manifold M,., the efficiency of projected
integrators is impaired by the occurrence of high-rank matrices, e.g., during the intermediate
stages of a Runge-Kutta method. In [I4], this issue is addressed by repeatedly applying tangent
space projection, which limits the rank to 2r at the expense of having to impose (3]).

In this work, we take a novel approach to avoid the high ranks encountered by projected
integrators. Our approach is based on performing randomized low-rank approximation, which
uses random sketches instead of tangent space projections. For a constant matrix B, such
randomized approaches have been studied intensively during the last 1-2 decades, including
the popular randomized SVD [12] and the (generalized) Nystrom approximation [20, 24]. The
generalized Nystrom approximation utilizes two sketches BQ and U7 B to approximately capture
the range and co-range of B, where 2 and ¥ are random matrices with the number of columns
chosen to be slightly larger than r.

To the best of our knowledge, this is the first work that proposes and analyzes randomized
low-rank approximation methods for time integration. The randomized low-rank Runge-Kutta
(RK) methods proposed in this work combine explicit RK methods with randomized low-rank
approximation. Our analysis applies to any randomized low-rank approximation satisfying the
moment assumptions defined in Section 2.3 but for simplicity we will restrict our algorith-
mic considerations to the generalized Nystrom approximation. Assuming that the dynamics
generated by F' preserve rank-r matrices approximately, we derive a probabilistic result that



establishes a convergence order (up to the level of rank-r approximation error) based on the
so-called stage order of the underlying RK method. This matches the order established in [14]
for projected RK methods. However, unlike the results in [14], our numerical experiments in-
dicate that randomized low-rank RK methods actually achieve the usual convergence order of
the RK method, which can be significantly higher. For the randomized low-rank RK method
based on RK 4, we also establish order 4 theoretically when allowing for modest intermediate
rank increases in the stages. This compares favorably to order 2 implied by the techniques from
in [14].

The remainder of the paper is organized as follows. In Section [ after providing some
preliminaries, we propose and analyze an idealized projection method, which assumes that the
exact flow of () is given. We show that applying randomized low-rank approximation causes,
with high probability, little to no harm to time integration. In Section Bl we propose a practical
method that uses an RK method to approximate the exact flow and provide error analysis based
on the stage order. Furthermore, we prove that if we allow rank increase in the intermediate
stages then the classical RK method combined with randomized low-rank approximation can
still achieve convergence order 4, up to the level of the low-rank approximation error. Finally,
in Section Ml we provide a range of numerical experiments that confirm the theoretical results
and demonstrate the robust convergence of randomized RK methods.

2 Preliminaries and an idealized randomized projection method

In this section, we provide preliminaries on (randomized) low-rank approximation and introduce
an idealized randomized projection method that allows one to study the impact of randomization
in an isolated fashion. In the following, |- || denotes the Frobenius norm of a (constant) matrix

and Y]z, = (E[|Y||%]) denotes the Ly norm, for some g > 1, of a random matrix Y.

2.1 Assumptions

Our analysis will be based on the following three assumptions on F. The first two assumptions
are the same as in [0 [14] [I8], while the third one is a modification of the usual low-rank
approximability assumption in dynamical low-rank approximation.

Assumption 1. We assume that F' is Lipschitz continuous, that is, there is a Lipschitz
constant L > 0 such that

|F(X) - F(Y)|lr <L|X =Y||[p forall X,Y eR™". (4)

By the Picard-Lindelof theorem, this implies that the solution of (1) exists and it is unique for
some finite time interval.
Assumption 2. Let ®%. denote the exact flow of F, that is, given the solution A(¢) of (),
we have that A(t) = ®%.(Ap). For a method of order 7, we assume that the first 7 derivatives
di+1

W‘th(Y), ] 20,17...,T7 (5)

have uniformly bounded norm for all Y € R"*". This assumption is needed when, e.g., per-

forming local error analysis of higher-order methods [10, Chapter II.1].
Assumption 3. To ensure low-rank approximability, we assume for every h < hg that

|@8(Y) — [®(V)],||r < Carhe for all Y € M,, (6)

where C)y is a constant that depends on L and hg only. Here and in the following, we use [-],
to denote a best rank-r approximation of a matrix. Assumption (@) replaces the assumption



@), usually made in the analysis of dynamical low-rank approximation [13| [14]; see Section
below for a more detailed discussion.

In this paper, we assume that (@), (B) and (6) hold globally, because this greatly simplifies
the analysis and the results. As in (3], it is common to impose such assumptions only in a
neighbourhood of the exact solution A(t). When using randomized techniques, there is always
a tiny but non-zero probability that the approximation leaves any neighborhood. In Remark [6],
we discuss how our analsyis can be modified to account for this effect, resulting in (slightly)
weaker results.

2.2 Low-rank approximability

In this section, we discuss the relation between the assumption (3) on the tangent space projec-

tion and the low-rank assumption (@).
First of all, (B)) implies (@). To see this, suppose that F' satisfies (3]). Then, by [14, Lemma
1], there exists hg > 0 such that

h
[@8(Y) — @ n(Y)|F < 5/0 e ds < elPhe, YO < h<h.

Because of @’]BTF(Y) € M,, this implies
125 (Y) = [EM)llp < 1Y) — @, p(YV)llr < "he.

Hence, (B) is satisfied with Cj; = e and € = ¢.

Assumption (6) does not necessarily imply (3)), that is, the existence of a good low-rank
approximation does not require the tangent space projection error to be small. In other words,
Assumption (@) is weaker. This is demonstrated by the following example.

Example 1. Consider the rank-2 approrimation of the differential equation

. 0 0 O 0 0 0 10 0
Yt)=FY(@#)=[0 10 0 |Y@®H+]|0 10% 1t 0], Y0)=10 0 0
0 0 —10 0 0 0 0 0 10 %
We have that
1 0 0
OL(Y) =0 1070(el0r~1 — 1) 0
0 0 10766171(]]1

admits an excellent rank-2 approzimation at h = 1: ||®L(Y) — [®L(Y)]2|lr < 1.24 x 10719, On
the other hand, the tangent space projection

0

0

1
qDI}—"’F(Y) ={0
0 10766171(]]1

o O O

results in a rank-2 matriz with a much larger error: ||®4L(Y) — ®L,(Y)|F > 0.008.

2.3 Randomized low-rank approximation

Conceptually, a rank-r approximation is a map R : R™*" — M,.. When randomization is used,
the map R is random, usually due to the use of random matrices for sketching. We measure
the quality of R through moments, which will later be used to derive concentration inequalities.
We say that R satisfies the moment assumption for ¢ > 1 if

IR(Z) = Z|L, < CrIZ = [Z] ]|, (7)
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holds for fixed but arbitrary Z € R™*™ with a constant C'g being independent of Z.

Randomized low-rank approximations that utilize Gaussian random matrices for sketching
usually satisfy the moment assumption (7). In the following, we will establish this fact for the
generalized Nystrom method [20} 24], which proceeds as follows. Given oversampling parameters
p,¢ € N and random matrices Q € R"*(+2) & ¢ R™*(+p+0)  generalized Nystrom constructs
a rank-r approximation of Z by first performing an oblique projection onto span(Z€2) and then
truncating to rank r:

Z =~ 2V 20T 7], .= N(Z), (8)

where () denotes the pseudoinverse. If U7 ZQ € ROTPHOX(+P) has full column rank, we have
the equivalent expression

N(z) = QL' Q)'v" Z],, (9)

where @ is an orthonormal basis of span(Z2), computed by, e.g., a QR factorization, ZQ) = QR.
For dense and unstructured matrices 2 and ¥, computing the sketches ZQ and ¥7'Z usually
dominates the overall computational cost. In particular, this is true when 2 and ¥ are Gaussian
random matrices, i.e., their entries are independent standard normal Gaussian random variables.
The following theorem shows that generalized Nystrom satisfies the moment assumption (7)) in
this case.

Theorem 2. Suppose that Q@ € R +P) gnd & € R™*+2+0 gre independent standard Gaus-
stan matrices with p,¢ > 4. Setting ¢ = min{p, £}, it holds for Z € R™*" that

Q=

IN(Z) = Z|, = (B[IN(2) = ZIIF]) " < Cnl1Z = [ 2]l ¢

with Cyy =1+ 24/(L+7+p)(1 +7).

Proof. By the triangle inequality

IN(Z) = Z||, < 120" 2T Z], — 2" 2N Z| 1, + || 20" 20" Z - 7|,
<|12]r — 28" 2" Z| 1, + |28 21T Z — 7|1,
< |21 = ZlIz, + 2122¥" 2" Z — Z| 1.

To bound the second term, we follow the proof of [16, Theorem 11]. Considering an orthonormal
basis @ of Z, one obtains that

E[|Z - 20" Z)N7 Z14] < (1+ 7 + )BT - QQ")Z]4)

L) (17 - QQT)Z]l¢])"

L )2 (B2 - Q") z3) "
)

92 (14712 - [Z1]3) "

<

(
(
(
(

Therefore, |N'(2) = Z||L, < 1Z=[Z]:llr +2/ (1 + 7+ p) A + 1) Z = [Z]: | r = CNlZ = [ 2] | -
O

To keep our developments concrete, we will always use generalized Nystrom instead of an
abstract randomized method R in the rest of the paper. However, the theoretical results remain
valid for any R satisfying (7).



2.4 Idealized randomized projection method
Following [11, Ch. IV.4], a rank-r approximation to the solution A((¢ + 1)h) is obtained by
combining exact integration with rank-r truncation

Yit1 = [[(I)]l}?(yi)]]ra Yo = [[AO]]T-

This is an idealized integrator because the exact flow <1>’]7 still needs to be approximated in order
to obtain a practical method. Replacing rank-r truncation by the generalized Nystrom method
one gets the idealized randomized projection method

Yirr = Ni(@(Y) = [0 (V) (W, (V) Q) TRV, Yo =Ao(Ag).  (10)

The subscript ¢ of N is used to emphasize that the generalized Nystrom method is used with
different (independent) Q; € R**("+P) ¥; ¢ R™*("+P+0) in every time step.

2.4.1 Error analysis

In this section, we provide an error analysis of the idealized method (I0]) when €;, ¥; are inde-
pendent standard Gaussian matrices. The following theorem provides a bound on the L, norm
of the error. The proof basically follows from the proof of [14] Theorem 2], with the Frobenius
norm replaced by the L, norm. It is included for convenience, because similar arguments will
be used again below.

Theorem 3. With the assumptions stated in Section[2.2 and assuming ||[Ao]r — Aollr < d holds
for the initial data, the method (IQ) with independent standard Gaussian matrices ; € R (r+p)
U; € R 4P+H0 gnd oversampling parameters p,{ > 4 satisfies the error estimate

[Yn = A(Nh)||z, <C(3+¢)

for ¢ = min{p, £} on a finite time-interval 0 < Nh < T for every 0 < h < hg. The constant C
only depends on L, T, hg Car, and Chr.

Proof. We first note that A is stochastically independent of ®%(Y;). By the the law of total
expectation, Theorem 2 and Assumption (6]), we get

NG (@E()) — ¥z, = (E[BING@p) - b 5m]] )

< (BiCg o) - L I3) " < OvCveh. (1)

To bound the L, norm of the global error, we follow the proof of [I4, Theorem 2] and use a
telescoping sum:

N
¥ = AW, = | So@E ) - oY) + @ (x) - @ (o)
i=1

where we define

N—i)h N—i)h .
B, = @ M) — o M @h(Yis) L, i= Lo N,
Eo = || (Yo) — @2 (Ao)||,-



The Lipschitz continuity of F implies ||®4(X) — ®L.(Y)||r < e[| X — Y||p. Therefore, by the
law of total expectation and (I1J),

1

£ = (B[Ellef"(v) - o @h (i) 1Y)

1

< MO (E[B[IY; - @ (Vi) [Yial] )
1

= cEMOD) (B B[N (@ (Vie1)) = @5 (Vi) [§1Yina]] )
< Cpr - Cppe"N=Dep, (12)

In summary,

IYn — A(NB)| L, < Cne"™"6 + Cr - Cae Z heN=i)
which yields the desired result by bounding the sum by an integral, as in [14] P.80]. O

The Markov inequality turns the moment bound of Theorem [3 into tail bounds for the
approximation error.

Corollary 4. With the assumptions and notation stated in Theorem [3, the error estimate
IVn — A(NB)|r < C(6 +e),
holds for any n > 1 with probability at least 1 — n~9.

Proof. By Markov’s inequality and Theorem [3]

Pr{||Yy — A(NR)||[r > Cn(§ +€)} < ([EHYN - A(Nh)”%]l/q) . 1

Cn(d +e) nd’
O

Corollary M states that the generalized Nystrom method produces an error on the level of
€+ 6 with high probability. Under the assumptions stated in Section 2.2] the same type of error
bound is obtained when using exact rank-r truncations.

3 Randomized low-rank Runge-Kutta methods

To turn the idealized projection method (I0) into a practical method, we need to combine it
with a time-integration method, e.g., a RK method. However, directly replacing the exact flow
®r by a RK method will result in high ranks in the intermediate stages. To mitigate this issue,
we also apply the generalized Nystrom method to these intermediate stages. To make this idea
specific, let us consider a general explicit Runge-Kutta method with s stages applied to the
matrix differential equation ()

j—1
Zj=Ai+h> apF(Z), j=1,..5s
l:81 (13)
Ai+1 =A; + hz b]F(Z])
j=1



Performing generalized Nystrom in the intermediate stages yields our Randomized low-rank RK

method:
j—1

Zi=Yi+hY agF(N(Z)), j=1,....s,
= (14)
Vier = Moot (Y + 0 Db, FNG (7).
j=1

Note that the index of N is now used to emphasize the use of different (independent) random
matrices €2, ¥; for different stages. Across different time steps, the random matrices are, of
course, also independently drawn. In (I4]), the rank of Z; increases linearly with respect to j.
However, there is no need to construct and store Z; explicitly. For all subsequent purposes, we
only need access to the Nystrom approximation of Z;, and thus it suffices to compute and store
the sketches Z;€); and \I’?Zj. In fact, the method (I4)) is equivalent to

j—1
Z;Qy =Y+ ayF (Ni(Z)
oL j=Toes,
VI Z; = WY, +hYy apV]F (Ni(Z)), (15)
=1

Yit1 = N1 (Yz +h) biF (N;(Z))) )

Jj=1

We will use the expression (@) to evaluate N;(Z;) and, for this purposes, only needs \II;TFZ]', v;,
and Z;Q; (or, rather, the orthogonal factor of its QR decomposition).

Algorithm [ contains the pseudo-code of the Randomized low-rank RK method. It closely
follows (I3]), except that we also precompute the sketches of F ([[ZA](\II;‘FZA])TZ]]]T) as they are
needed in subsequent stages.

3.1 Implementation aspects and cost

We now consider the efficient implementation and cost of a time step performed by Algorithm [
To simplify the discussion, we assume m = n and p = £ = O(r) < n. We let ¢, denote the cost
of multiplying a vector of length n with € or ¥. In the worst case, when £, ¥ are unstructured
dense random matrices, ¢,, = O(nr). The use of structured random matrices can lead to lower ¢,,.
For example, using the Subsampled Randomized Fourier Transform (SRFT) [12] for sketching
reduces ¢, to O(nlog(r)).

Every (large) n x n matrix occurring in the algorithm is represented in factored form UX V7T €
R™ ™ where U,V are tall matrices (not necessarily orthonormal) and ¥ is a small square matrix
(not necessarily diagonal) of size equal to the rank of the matrix.

The evaluation of ﬂZj(\DJTZj)TZjﬂT in Algorithm [ requires O(nr? + jnr) operations for
computing Z R Z ; and another O(nr?) operations for computing the factored form of the matrix.

The cost of applying F' to a rank-r matrix and obtaining a factored form of the result strongly
depends on the nature of F'. We will denote this cost by cp and the resulting rank by rg. In
some cases (see Section ]l for an example), cp = O(nr) and rp = O(r). In cases that lead to
large rp, the use of random sketches gives flexibility to exploit structure. For example, consider
the case that F'(A) contains Hadamard products of the matrix A with itself, originating from,
e.g., quadratic nonlinearities in the underlying partial differential equation. Then although the
rank of the matrix F} in Algorithm [ is much larger than r, its factored representation has
rich Kronecker product structure, which can be exploited when sketching F; with Khatri-Rao



Algorithm 1 Randomized low-rank Runge-Kutta method with s stages

Input: Differential equation (Il) defined by F' and initial condition Ag € R™*™. Target rank r,
oversampling parameters p, ¢, step size h > 0, number of steps N > 0.
Output: Approximation Yy € M, of A(Nh).
Draw ind. random matrices Q € R"*("+P) ¢ ¢ Rmx(r+p+d),
Yo = A9, Yo = ¥T Ay
for:=0,...,N—1do

Draw ind. random matrices Q; € R™¥0+P) @, ¢ R™*X0+P+0) for j = 1,2, ... (s +1).
for ] =1,...,sdo
[[Y(\IITY)TY]] Q; + hzl h a]lKl] > Evaluate [Y;(¥7Y;)"Y;], using (@)
Z = \IJT[[Y(foTY)TY]] + R an Ky
Fj = F([[Z](\I!]TZJ)TZ]]]T) > Evaluate [Z;(¥T Z;)1Z;], using @)
for g=j+1,....s+1 do > Pre-compute sketches of F' for other stages
qu = F;Q,
Kj, = foTF
end for
end for

Vi1 =Y +h > i1 b Kt
Yip1 = ‘I’Z-HYZ‘ + th‘:l ijj,S+1

Set U = \Ij5+1
end for . )
Return Yy = [Yn(UYn)TYn],. > Compute [Yy (U7 Yy) Yy, using (@)

products of random matrices [4, [I7]. As another example, when F' has block structure, one can
use the Block SRFT [3] to benefit from parallel computing. In Section [.I.1], we test numerically
the possibility to speed up the computation of K jq and K jq by using the same random matrices.
Although there is little justification, this variant appears to lead to an accuracy comparable to
Algorithm [ When not using any of the tricks mentioned above, the computation of each K iq
and f(jq requires O(rpc, + r%r + nrpr) = O(rpe, + nrpr) operations.

In summary, the complexity of the jth stage is O(jnr +nr? +cp + (s +1—5)(rrcn, +nrpr)),
and thus one step of the Randomized RK method has a total complexity of

O(s*(rpen +nrpr) + snr? 4 scp). (16)

It can be seen that the computation of qu, K jq is a dominating part of the cost.

The linearity of the sketches with respect to the data (sometimes also called a streaming
property), makes the generalized Nystrom method a preferred choice for the randomized low-
rank approximation in Algorithm[Il It allows one to only store and work with sketches of F}, j =
1,...,s when computing subsequent stages. In contrast, the randomized SVD uses an orthogonal
projection that is not linear in the data and, in turn, the full rank-rg factorizations of the
potentially high-rank matrices F; need to be stored. Another disadvantages of the randomized
SVD is that its direct application to the sums appearing in the Runge-Kutta stages is quite
expensive, requiring O(ns’r%) operations.



3.2 Comparison to Projected Runge-Kutta method

The Projected Runge-Kutta method (PRK) from [14] is closely related to our proposed method (I4]).
It proceeds by performing the time stepping

j—1
Zi =Y;+hY ayP(R(Z)F(R(Z)), j=1,...,s,
1=1 ) (17)
Vier = R(Yi+h Y b P (R(Z)F(R(Z))).
j=1

Here, R denotes a retraction to the manifold M, and a common choice is the truncated SVD.
The tangent space projection P, in (I7)) reduces the rank of F(R(Z;)) to 2r, which can make
the subsequent application of R signficantly cheaper. Our method uses sketching instead of
tangent space projection, which has two potential advantages: (1) As discussed in Section 2:2]
the tangent space projection could introduce significant error, even when the solution admits a
good rank-r approximation. In this situation, we expect our method (I4) to be more accurate.
This expectation is confirmed by the numerical experiments in Section [l (2) As discussed
in Section B.1] above, sketching gives additional flexibility in the choice of random matrices to
exploit structure in F' applied to a rank-r matrix. Tangent space projection does not offer this
flexibility.

One iteration of (I)) needs to apply retraction to the matrices Z;, which have rank at most
24r for j = 1...s. When using the truncated SVD to perform retraction, the cost is dominated
by the QR factorizations of the n x 2jr factors of Z;. In summary, the total complexity for one
time step of PRK (I7)) is

@) s3nr? + snrpr + SCp

total retraction cost  gx application of P,  sX evaluation of F'

Compared to (I8), we see that the term s*nrpr is reduced to snrpr, which only becomes
relevant when rp > sr. This is because PRK can reuse computations related to tangent space
projections across different stages, while the randomized low-rank RK method uses different
sketches for every stage and can thus not reuse computations. As mentioned above, this issue can
be mitigated by reusing random matrices for sketching, at the expense of theoretical justification.
However, as s is typically very small (e.g., 1, 2 or 4), this issue may not be too relevant in practice.

3.3 Error analysis

With high probability, our method achieves at least the same qualitative error behavior that
has been established for PRK. To see this, we follow [14] and consider the stage orders 71, ... s,
which are defined as the local errors of the stages Z; in the standard RK method (I3)): For every
h < h07
5 h v .

1Z; — ¢" (Allp < CLh ™, j=1,....s, (18)
with ¢; = aj1 + aj2 +--- + aj;—1. We then obtain the following result, which corresponds to
Theorem 6 in [14].

Theorem 5. Consider the randomized low-rank RK method (1)) utilizing independent standard
Gaussian matrices, oversampling parameters p,f > 4, and an explicit s-stage RK method of
order T with stage orders y1 < vo < -+ < 5. Denote

_Jmin(7,72 + 1) if by # 0,
min(7,v3 + 1,72 +2) if by =0.
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Then with the assumptions stated in Theorem[3, the global error is bounded for ¢ = min{p, ¢} by
[Yn — A(NR)||L, < C(6+ e+ h7)

on the finite time interval 0 < Nh < T, for all h < hg. The constant C' depends only on L,T,
ho,s, Cr,Cnr, max;j |ai;| and max; |b;|. In particular, for any n > 1, it holds for fized h and N

that
1
Pr{HYN — A(Nh)||p > Cn(e+ R +5)} < %.

Proof. The result of this theorem essentially follows from replacing the Frobenius norm in the
proof of [14, Theorem 6] by the L, norm and performing some additional minor modifications.
For completeness, we have included the proof in the appendix. O

Theorem [Bl above shows that the randomized RK methods with the coefficients given by the
following RK methods of order 1,2 and 3, enjoy the usual convergence order up to O(e):

e RK 1 (Euler): b; =1,

e RK 2 (Heun’s method): ag =1, by = by = 1,

e RK 3 (Heun’s third-order method): as; = aszy = %, ag3 =1, b1 = by = %, by = b3 = %
Unfortunately, for RK 4 we only obtain order 2 from Theorem [Bl Section B.4] investigates this
combination further.

Remark 6. As already noted, the global nature of the three assumptions in Section [21] can be
quite limiting. If we modify these assumptions ), () and (@) such that they only hold in a
neighborhood of the exact solution A(t) for 0 <t < T, we need to additionally ensure that Y;
and the intermediate stages remain in the neighborhood. Due to the presence of randomness,
this complicates the analysis and yields slightly worse results. In the following, we sketch which
modifications need to be performed in order to localize the assumptions.

Suppose we want to ensure E; := ||Y; — A(ih)||lp < M for everyi=1,...N — 1 to use the
properties @), () and @) locally. (We simplify the discussion by ignoring the probability that
the intermediate stages leave the neighborhood; it is easy to adapt the approach outlined here by
additionally requiring || Z; — Z;||p < M’ for j = 1,...,s, which will yield the same convergence
rate with a different constant and a somewhat higher failure probability, increased by a factor
s.) To proceed, we can utilize the failure probability estimate of Theorem [3 to conclude

) Y q
Pr{E; > M|n\_{ {E; < M}} < <%+TM> .

Using conditional probability and Bernoulli’s inequality,
Pr{ N} {E; < M}} = Pr{Ex_1 < M|N}_7 {E; < M}} Pr{n} 3 {E; < M}}
C hY +6)\?
> (1- (%) ) PrnY B, < MY}

> (1 _ (M)q)(wl)
a M

SR CEEY Y

Similarly, we have

1 C hY +6)\¢
Pr{|Vy — ANR) x> Cle + b +8)} < = M) .

nq+(N—1)< o

11



The additional second term is not large when M is large and/or e + h” +§ is small. To further
quantify how this term affects the order of convergence, we substitute n = % and assume
Cle+hY+0) <1, h <1, leading to

Pr{|Yy — A(NR)|lp > CM(e+h +8)h ™7 } < %Jr(N—l) (C(

1
The presence of the additional factor h™ @ reduces the convergence order by %. Because of
g = min{p, £}, even modest choices of the oversampling parameters p,{ imply that this potential
order loss is negligible.

3.4 Error analysis of randomized low-rank Runge-Kutta 4 method

Although our numerical experiments indicate convergence order 4 for the randomized RK
method based on RK 4, it appears to be difficult to establish this order theoretically. In the
following, we establish order 4 when the intermediate stages are oversampled. Let us emphasize
that this oversampling is only performed for theoretical purposes; in practice, it does not seem
to be needed.

Concretely, we plug the coefficients of the classical RK 4 method into (I4]) and oversample
the intermediate stage as follows:

Zy = NP (Y5)
h

Zy = N3 (Y; + §F(Zl))
X hoo
Z3 = N3 (Y; + 5 F(22))

Zy = Ni” (Yi + hF(Z3))
h ~ ~ ~ ~
Here, N refers to the usual generalized Nystrém method (8)) with target rank r, while V15", for
i =1,...,4, refers to the generalized Nystrém method with the increased target rank 15r. As

the method leaves M., we need to impose a stronger assumption on low-rank approximability.
For h < hgy, we assume that

|®%(Y) — [@E()kllr < Carhe, VY € My, Vr <k <15r (21)

We start our analysis of (20]) with a result on the low-rank approximability of F' implied
by 1.
Lemma 7. Assuming that F satisfies [21)), let k be any integer such that r < k < 15r. Then
HF(Y) — [[F(Y)]]QkHF < Cye, VY € M.

Proof. By the definition of the flow, F'(Y') is the time derivative of ®%.(Y"). Thus, for any v > 0,
there exists h > 0 such that

H L (Y) — 9%(Y)

h _F(Y)H =7

F

12



Because [[CD];J(Y)]]R — ®%(Y) has rank at most 2k, it follows that

Mﬁ%ymk—¢%ov”
hj F

IFY) = [Pl < | F(Y) -

hy &0 j el
< HF(Y 97 (Y) (I)F(Y)H N H<I> Y) - [®F (Y)]]kH
hj F h]’ F
< v+ CMG.
The result of the lemma is obtained by taking v — 0. O

The following auxiliary result helps to bound the local error of (20]).

Lemma 8. Let Z € M, X e R™*", a >0, and k < 14r. Then
1Z +aX —[Z + aX]is|lr < al|X — [Blilr
holds for any B € R™*"™,

Proof. Using that Z 4+ «[B] has rank at most 157, the result follows from

12 +aX —[Z + Xl llr <12 4+ aX = [Z + a[Bli]iselr = al| X = [Blellr-

We are now in the position to establish a local error estimate for (20]).

Lemma 9. Suppose that the assumptions stated in Section 21 and (2I)) hold. Given Y; € M,.,
one step of the method (20)) with independent standard Gaussian matrices and oversampling
parameters p,{ > 4 satisfies the local error estimate

||<I>’}(YZ) —YillL, < C(he + h5),
for ¢ = min{p, £} and all 0 < h < hg. The constant C depends only on L, T, hy Cys, and Cyr.

Proof. The proof proceeds by bounding the moments of the differences between the stages Zj
of (20)) and the stages Z; of the classic RK4 applied to Y;, as defined in (I3]). For j =1,Y; € M,
implies 3

121 = Zi||, = NI (YD) = Vi, = 0.

For j = 27 we set Yvi,l = Y; + %F(Zl)

h -
122 = Zelln, =[N3 (¥in) = Yi = 5F(20)

Lq

h -
< [ING¥ (i) = MY+ TR |
q

+le ﬁwgmm—m—ﬁﬂzwL

q

+ o lF(Z0 ~ F(Z)lI,

_ H NI (Y Ny 4+ L [[F(Zl)]]%) .

+ gCME (22)

H 15r 15T(Y;_|_ 5[[F(Z~1)]]2r) L,

13



The second equality above holds because Y; + 2[F(Z)]2, has rank at most 3r, and therefore

Y+ 4[F (Z))]2r = N (Y; + 2 5 [F (Z1)]2») holds almost surely. The last inequality follows from
Lemma 7 With s1m11ar reasoning, we obtain the following bound for the first term in ([22)):

H 15r Z 157«(}/@"}'%[[51(21)]]27")

L =W - i SRR

q

<H NI (Vi) — (Y; + gF(Zl))( n che.

q

Using that Z1 = Z1 = Y; holds almost surly, the law of total expectation, and Theorem 2] give

H N7 (Y34 Y—i—hF(Zl))‘ :(E E(INS (Y1) — (KJ)H%\Z)Dé

Lq

<Cn||Yi1 — [Yiilisr
Lq
h h
<Cn|)Yi+ 5 F(Yi) = [Yi + 5 F(Yi)ls
2 2 Lq
h h Cyh
<O |Yi+ 5F(Y) = (Vi + S[F(¥)ler)| | < Z5=Cre.
2 2 L, = 2
In summary, we have proven
. - Cy +2)C
12 - oy, < L2 (23)
Note that we also have the following inequality by Lemma [7
- - - h - h
122 — [Z2]sr]|1, < ‘ (21) = Yi = SIF(Z))]ar |, < 5Cme (24)

For j =3, weset Y2 :=Y; + %F(Zg) and apply an analogous reasoning;:

12— Zalls, - H NS (Yi9) — Y — gF(ZQ)‘ q
H NI (Y;0) — NS (Y + ﬁ[[F([[Zﬂ]?;r)]]fW) I
+ H N3 (Yi+ 5 [[ ([Za2]30)]6r) = Vi — gF(Zz)‘

q

= [ (i) — A 4 S AZDs o) |, + BIE(Z) - P (2ol

q

_ NlSr( P2 ) _ (Y; + g[[F([[ZQ]]gr)]]@r) I + gHF(ZQ) - [[F([[ZQ]]ST)]]GTHLQ

q

NP (Vi) = (i), + FIF(Z) = [F(LZelalorl,

IN

+ g”p(zz) — [F([Z2]30)]6r Iz, -

The first term of the last inequality can be bounded using Lemma [

v - i), SONIF(Z2) — [F(Zalsr s,

< CN‘

Yio — [Yio]ise <
Lq

q
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Therefore, by (23]) and (24]),
123 — Zs|| 1, SMHF(%) — [F([Z2]s)]6r I, + gHF(Zz) — [F([Z2]3)]6r Iz,

I 2 2) ~ P2, + 1F(2) ~ F( 215,

+1F([Z2)sr) = [F([Z2)30))er |12,)

2
(Cn+2Chy Lche + Cue) < Cahe.

h
<=
_Q(CN—FQ)(L 2

Also, as for j = 2,
h

h
E[CMG + L—- C’Me]

(Z2) - Y; - 1P (Zelar)lo |,

1Zs — [ Zs]wv||r, < ‘

Finally, for j = 4, we set Y; 3 :=Y; + hF(Zg) and obtain

124 — Zallr, = H NIV, ) — ¥ — hF(Zg)( )
q

< [N () - NI+ IR (231 )|,

+ HNL”’" Yi + h[F([Zs]7)]1ar) — Yi — hF(Zg)‘ )

q

< Wi vis) = 05+ AP AZsTe ) |, + 0| F(Z) = T (26T,

< |V (i (Yi,s)HLq+h"F(23)—HF([[Z3ﬂ7r)ﬂl4r .

+h HF(%) ~ [F(I sl |
q
The first term of the last inequality can once again be bounded using Lemma [&

[N (Yi3) — (Yi,S)HLq < On|Yis — [Yislisello, < hCn|IF(Z3) — [F([Z3]70)]1ar ||, -

Hence,
1Zs = ZallL, <h(Cyn + DIIF(Zs) = [F([Zs]er)laarllz, + BIF(Zs) = [F([Zs]7)]ar | 2
<W(Cn +2)(|1F(Z3) = F(Z3)|l1, + |1 F(Z3) — F(IZs]w) | p
+ |1 F([Zs]7r) — [F([Zs]r)har |l P)
<h(Cp + 2)(LC3he + Lg[CMe + LgCMe] + Chre) < Cyhe.

Collecting the obtained bounds for the stages and using Lipschitz continuity, we have

%(F(Zl) +2F (Z5) + 2F (Z3) + F(Z4))
_y, - %(F(Zl) +2F(Zy) + 2F (Z3) + F(Z4))(

< Csh?e. (25)

q

Recall that one step of the classic RK 4 method has error O(h®). With the true solution ®%(Y;)
satisfying the low-rank approximability assumption (2I), we find that one step of RK 4 satisfies

%(F(Zl) +2F (Z5) + 2F (Z3) + F(Z4))

— Vi + %(F(Zl) + 2F(Zy) + 2F (Z3) + F(Za))l|| . < Co(h” + he). (26)
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Using Theorem 2l and the inequalities (25), (26]), we obtain

SCN‘

Vier = Yi S(F(20) +2F(Z) + 2F(Zs) + F(2)|

q

Y+ %(F(Zl) +2F(Z) + 2F (Z3) + F(Z3))

~ Vit o (F(21) + 2F(2) + 9F () + F(Za))],

Lq

<Cw|vi + %(F(Z) +2B(Z) + 2F(Z5) + F(Z4))

~ Vit w(F(Z0) + 2F(2) + 2F(Z5) + F(Za)L |

q

< Cn(Csh*e + Cg(h® + he)).

The result of the lemma is concluded from the following inequality:

h - - - -
9% (Y:) = Yigallr, < |®(Y:) - Vi — E(F(Zl) +2F(Z2) + 2F(Z3) + F(Z4))||,
+ Csh%e + Cn(Csh*e + Cg(h° + he)) < O(h® + he).
O

Finally, the following theorem establishes order 4 with respect to A of the modified random-
ized low-rank RK 4 method (20]). This provides some theoretical explanation for the convergence
order 4 we observe for the randomized low-rank RK 4 method (without intermediate rank in-
creases).

Theorem 10. Suppose that the assumptions stated in Section[21) and (21) hold. Under the as-
sumption [ZI)) and the assumptions stated in section[21l. The the global error of the scheme (20)
with independent standard Gaussian matrices and oversampling parameters p, ¢ > 4 satisfies for
q = min{p, £} the bound

[Yn = A(ND)[|z, < Cle+h* +9),

on the finite time-interval 0 < nh <T and for every 0 < h < hg. The constant C depends only
on L,T,hg Cpr and Cpr. In particular, for any n > 1, it holds for fized h and N that

1
Pr{|Yy — A(NR)|[r > Cn(e + h* +0)} < prl

Proof. By Lemma [ we have
1/q 1/q
(BENI2EY) ~ Vil E]) < (BICUA® +he)?) " = C(h® + he).

Substituting this bound into (I2]) proves the first statement of the theorem. The second state-
ment is proved by Markov’s inequality, as in the proof of Corollary @l ]

4 Numerical Experiments

In the following numerical experiments, we verify the accuracy of randomized low-rank RK
methods, Algorithm [, which will be denoted as Rand RK. In particular, we consider Rand
RK1 (Euler), Rand RK2 and Rand RK4, based upon the Euler method, Heun’s method and the
classical RK 4 method, respectively. For convenience, we recall the corresponding coeflicients:

e Rand RK1 (Euler): b; =1
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e Rand RK2: a1 =1, by = by = %7
o Rand RK4: a9l = a3 = %, a43 = 1, b1 = b4 = %, b2 = b3 = %

We have implemented the generalized Nystom method following [23]; we always use Gaussian
random matrices and the oversampling parameters p = ¢ = max{2,0.1r} for sketching. Although
the generalized Nystrom method is usually numerically stable [20], it may exhibit instabilities,
especially when U7 ZQ is numerically rank deficient. We have never observed such an insta-
bility in our numerical experiments, but let us point out that a numerically safer variant with
regularization is described in [20]. Note that our implementation of Rand RK4 does not use
oversampling in the intermediate stage, that is, we have implemented Algorithm [ with the
coefficients of RK 4 instead of (20)).

The error is measured by the Frobenius norm between the reference solution and the ap-
proximation. The reference solution is obtained by solving the full matrix differential equation
with MATLAB 0DE45 using the tolerances {’RelTol’, 1e-10, ’AbsTol’, 1le-10}. Because
our methods involve randomization, we report the mean approximation error as well as the
spread between the largest and smallest errors for 10 independent random trials (indicated by
lower /upper horizontal lines in the graph).

In the first two experiments, we also report the error of our implementation of the projected
RK s method [14] for s = 1,2,4 as well as the projector splitting integrator [19] with the sub-
steps computed by MATLAB’s 0DE45 using the same tolerance parameters as above. The initial
value for these methods is obtained by applying the truncated SVD to the initial matrix Ag.

All experiments have been performed in Matlab (version 2023a) on a Macbook Pro with an
Apple M1 Pro processor. The code used to perform the experiments and produce the figures
can be found at https://github.com/hysanlam/rand_RK.

4.1 Lyapunov matrix differential equation

As a first simple experiment, we approximate the solution of a Lyapunov matrix differential
equation [25] Section 6.1], which takes the form

A(t) = LA{#) + AL + o

,  A(0) = Ay,
IC1[F
where A(t) e R, L € R™" C € R™" o> 0and t € [0,T]. We set n = 128 and use the
symmetric matrix L = diag(1,—2,1) € R?8X128 For setting the entries of the source term C
and initial matrix Ag, we follow a construction similar to the one used in [, section 5.1]:

11
Cij = Z 10~ *k-1) . e—k(ﬂﬁ?‘i‘yf)’
k=1

20 1, ifk=1
_ X . . . . . _ ) -
(Ao)ij = ; by - sin(kz;) sin(ky;), with by = {56(”0.5%2))7 hs 1
where (x;,y;), fori,j = 1,...128, are uniform discretization points of the square [—m, 7] x [—m, 7].
The final time is set to T' =1 and first consider @ = 1. Figure [1l displays the singular values of
the reference solution at ¢t = T, and the error of the approximation obtained by Rand Euler and
Rand RK4 with different ranks. We can see that Rand Euler achieves first-order convergence
in time, while Rand RK4 achieves fourth-order convergence in time until it reaches the level of
low rank approximation error. Moreover, both methods demonstrate robust behavior despite
randomness; among these 10 trials, the maximum error is only at most three times the empirical
mean.
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Figure 1: Lyapunov matrix differential equation with o = 1. The singular values of the reference
solution at time T' = 1 together with the approximation errors of the numerical approximation
obtained via the Rand Euler and Rand RK4 for different ranks and time-step sizes.

We now fix the rank to r = 10 and compare the accuracy of Rand Euler, Rand RK2, and
Rand RK4 with other methods, including PRK1, PRK2, PRK4, and projector splitting for
a = 1075 as well as o = 1. In Table [I we report the average and maximum values of the
tangential projection error ||F(Y;) — P.(Y;)F(Y;)|| 7, where Y; is the approximation computed at
the ith time step by PRK 2 with h = 5x1073. For a = 1 this error is much larger than a = 1075,
However, when the tangential projection error is large, the accuracy and convergence behavior
of PRK and projector splitting are not guaranteed. This is indeed observed in Figure 2 For
a =10"%, PRK 1, PRK 2, and projector splitting exhibit the expetected order of convergence.
PRK 4 seems to even exhibit fourth-order convergence initially but this quickly deteriorates for
smaller h. When a = 1, all these methods only show first-order convergence. On the other
hand, the randomized methods remain robust: Rand Euler, Rand RK2, and Rand RK4 exihibit
first, second, and fourth-order convergence, respectively, for both choices of a.

Lo [107° [ |
average ||F(Y;) — P.(Y;)F(Y;)||r | 1.3553 x 10~7 | 4.0144 x 10~%
max ||F(Y;) — P.(Y)F(Y)|r 1x107° 0.7932
Table 1: Lyapunov matrix differential equation with o = 107 and o = 1. Average and

maximum || F(Y;) — P.(Y;)F(Y;)||r for the approximation Y; at the ith time step of PRK 2 with
h=25x10"3
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Figure 2: Lyapunov matrix differential equation with o = 107> and a = 1. Comparison of
absolute approximation errors for different low-rank integrators using rank r = 10.

4.1.1 Speeding up by constant random matrices

As indicated in Section B2 the cost of computing the sketches K jq,R jq in Algorithm [Il can
be divided by nearly a factor s when choosing the same random matrices across the stages
in one time step. That is, we draw two independent Gaussian matrices 2; and ¥q, and set
Q= Q =+ = Qgy1, ¥V = ¥y = - = Uyyy. In this experiment, we ran 10 random
trials to solve the differential Lyapunov equation for & = 1 and compare the described constant
choice with the standard (independent) choice of random matrices in Algorithm [l We tested
Rand RK2 and Rand RK4 with different ranks and plotted the obtained errors in Figure Bl
For this example, we observe comparable performance when using either different or the same
random matrices across the stages in a time step. Although this modification is computationally
attractive and likely the preferred way to run Algorithm [Il we are unable to establish an error
bound due to the lack of stochastic independence of the stages.
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Figure 3: Lyapunov matrix differential equation with a = 1. Comparison of absolute approxi-
mation errors for Rand RK2, Rand RK2 with different (independent) random matrices across
stages vs. Rand RK2 and Rand RK4 with the same random matrices across stages.

4.2 Non-linear Schrodinger equation

We now consider the non-linear Schrédinger equation from [14, Section 5.3], where A : [0,T] —
C™*™ evolves according to

p 1

A(t) :i[i(BA%—AB) + alA2A] (27)
The cubic nonlinearity |A|?A is taken element-wise and B = diag(1,0,1). We choose n = 100,
T =5 and the initial data

(i—60)2 (5 —50)2 (i —50)2  (j —40)?
>+eXp(_ 100 100 )

(Ao)ij = exp ( 100 100
In this example, we aim at computing approximations of rank up to 30. To ensure that A has
rank at least 30 (making sure it satisfies the assumptions of PRK), we perturb Ag by taking the
full SVD of Ay and setting the singular values 3,4,...,32 to 1077.

First, we set a = 0.3. The singular values of the reference solution at ¢t = 7', as well as the
approximation errors by Rand Euler and Rand RK4 with different ranks are shown in Figure
Ml We again observe that Rand Euler achieves first-order convergence in time, while Rand RK4
achieves fourth-order convergence in time until it reaches the level of low-rank approximation
error. In this example, the maximum error of both methods is also very close to the empirical
mean, deviating by less than twice the mean.
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Figure 4: Non-linear Schrodinger equation with o = 0.3. Singular values of the reference solution
at time T' = 5 together with the approximation errors of the numerical approximation obtained
by Rand Euler and Rand RK4 for different ranks and time-step sizes.

Now we fix the rank to » = 30 and compare Rand RK with PRK and projector splitting for
a=3x10"* and a = 0.3 in Figure Bl For small a = 3 x 1074, we observe that PRK 1 and
PRK 2 exhibit the correct order of convergence. Again, one observes that the initially visible
fourth-order convergence of PRK 4 quickly deteriorates as h decreases. For oo = 0.3, we see that
the order of PRK 2 decreases to 1 when h is small, and PRK 4 only shows first-order convergence
as well. Again, this is likely due to the large tangential projection error ||P-(Y;)F(Y;) — F(Y3)| F;
see Table 2l On the other hand, all the Randomized RK methods exhibit robust convergence of
the expected order. Surprisingly and for reasons unclear to us, the projector splitting method
provides very accurate results for this example.

B | 3e-4 3e-1
average |[F'(Y;) — P.(Y;)F(Y:)||r | 3.0145 x 10=8 | 2.9315 x 10~°
max | F(Y;) — P.(Y;) F(Y))| r 5.8059 x 10~* | 0.5806

Table 2: Average and maximum ||F(Y;) — P.(Y;)F(Y;)||r for the approximation Y; at the ith
time step of PRK 2 with h = 2.5 x 1074,

4.3 Discrete Schrodinger equation in imaginary time

In this example, we aim at approximating the solution of the discrete Schrédinger equation in
imaginary time from [§]:

A(t) = —H[A(t)], A(0)= Ay, te]0,0.5] (28)
where

HIA(®)] = ~ 5 (DA() + A()D) + Vo A(#)Veos € BV,
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Figure 5: Non-linear Schrédinger equation with a = 3 x 107% and o = 3 x 10~!. Comparison of
absolute approximation errors measured in Frobenius norm for different integrators for rank-30.

D = diag(—1,2,—1) is the discrete 1D Laplace, and V. is the diagonal matrix with diagonal
entries 1 — cos(2j7m/n) for j = —n/2,...,n/2 — 1. We choose n = 512 and an initial value Ay
that is randomly generated with prescribed singular values 107%, i = 1,...,512. In Figure [
we first plot the singular values of the reference solution at 7" = 0.5. Next, we plot the error of
Rand Euler, Rand RK2, and Rand RK4 with a rank of 40. The final plot shows the error of
Rand RK4 with various ranks. Once again, we observe the expected order of convergence until
it reaches the level of low-rank approximation error.

4.4 Allen-Cahn equation

Following [5], Section 5.3], we consider the matrix differential equation arising from discretizeing
the Allen-Cahn equation via finite differences:

A=e(LA+ AL)+ A — A3,
with initial data

e~ (@) 4 o= an%(43)] sin(z;) sin(y; )

1 + elese(=zi/2)|  elesc(—y:i/2)]

(Ao)ij =

)

where A3 is to be understood element-wise and (z;,y;) € [0,27]?, with 4,5 = 1,...,256, are
uniform discretization points. The matrix L is the one-dimensional finite-difference stencil,
e = 0.01 and the time interval is [0,10]. For this example, we apply Rand RK4 with rank
2 and time step size h = 1073. We plot the contours of the results at ¢t = 1,3,5,7,10 in
Figure[ll Additionally, we calculate the difference between the reference solution and normalize
the difference by the Frobenius norm of the reference solution. We observe that Rand RK 4
accurately captures the contours despite using a very low rank.
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Figure 6: Discrete Schrodinger equation in imaginary time. The singular values of the reference
solution at time 7" = 0.5, and rank-40 approximation errors for Rand Euler, Rand RK2 and
Rand RK4. Also, the approximation errors for different ranks using Rand RK4.

5 Conclusions

In this work, we have proposed randomized low-rank Runge-Kutta methods. The analysis and
numerical experiments clearly demonstrate the great potential of these methods to constitute
an attractive alternative to existing dynamical low-rank methods. To fully realize this potential,
further work is needed. On the practical side, rank adaptivity, parallelization, the preservation
of quantities, and the combination with splitting/exponential integrators belong to the aspects
that need to be studied in order to match the progress on dynamical low-rank methods achieved
during the last decade. Also, the use of structured random matrices for efficiently addressing
matrix differential equations with nonlinearities merits exploration. On the theoretical side, our
analysis has raised a number of open questions. In particular, it would be important to develop
a more direct approach for establishing the full order of randomized low-rank Runge-Kutta
methods.

A Appendix: Proof of Theorem

The proof of Theorem [ follows from modifying the proof of [I4] Theorem 6] appropriately. We
first provide an bound that relates the stages of the standard RK method (I3]) with the ones of
the randomized RK method (I4]).

Theorem 11. With the assumptions stated in Theorem [3, suppose that 71 < v9 <+ < g
are the stage orders of the explicit RK method ([I3)) and denote 4; = min(vy;,v2 + 1). Then the
differences between the stages Zj of the standard RK method (I3]) with A; =Y; and the stages
Z; of the randomized RK method ([I4)) are bounded by

. 0 fi=1,2
125 = ZjllL, < { i T (29)

C(h%e+ h2t2)  ifj=3,4,...,s,
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Figure 7: Allen-Cahn equation.The contour of the reference solution and the rank-2 approxima-
tion obtained by Rand RK4 with h = 1073.

0 ifj=1,

. 30
C(he +hViTYY  ifj=23,...,s, (30)

IEWNG(Z)) = F(Z))r, < {

for any 0 < h < hg, where ¢ = min{p, ¢} and the constant C depends only on L, T, Cy, ho, s
and max;j |a;j|.

Proof. For j =1, we have Y; = Z; = Zl and, therefore,
F(N1(21)) = F(Z1) = F(Zy),

holds almost surely, because Y; has rank at most r. For j > 2, we proceed by induction and
assume that the statement of the theorem holds up to 5 — 1. Using the induction hypothesis



for (B0, we obtain that

j—1
1Z; = Zjll, < B lal - |FN(Z) — F(Z)|,

=1
< 0 if j =2,
T | CaCh(she + h2 Tt 4 YY) if 5 =3 s
Using the assumption on the ordering of the stage orders and 4o = 9, it follows that
~ 0 ifj=1,2,
12 = Zjll, < IR (31)
Czh(he +h7T1)  if j=3,...,s,

which shows (29). To establish (30), we note that Z; is independent from ; and ¥;, which
allows us to use the law of total expectation and Theorem [2] to conclude that

1 ]
< L((B{EIWG (Z) - 141210 +12; - Z, )
< L(CwliZl: - Zillo, + 112 = Zil,)

< LCNWZ))r = Zjlr, + LN Zj — Zjl1,

< IO ZLs — Zollr + L(Cw + V12 = Zj1l,.

1E(NG(25) = F(Z))l|L, < LIN;(Z5) = Zj]l,

While the second term of the last inequality is bounded by (B31), we bound the first term by

7 V4 cih c:h cih ~
11Z1: = Zllr < 62" (D1 - 62" (W)llr + 62" (Y:) = Zillr
< L™ (V)] — ¢2" (Vi) |l e + CLhYH!
< (Cyeh + CLR ™),

where we recall that the coefficient ¢; was used in the definition ([I§) of stage order. In summary,
we have

|F(Nj(Z;)) — F(Z))||L, < LON(Creh + CLRY ) + L(Cyr + 1)Czh(he + B2 1)
< Cph(e+ h 4 p2H),

This concludes the proof of ([B0) using the definition of 7;. O

Proof of Theorem 3. By the triangular inequality, the local error satisfies
Yit1 = ¢ (Ylllz, < [1Yier = Yirallz, + [Yir1 = 65(YD) L, (32)

where f/z‘+1 =Y, + hZ;:l bjF(Zj). Using that 9,1 and W4, 1 are independent of 1, ...Q and
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Uq,... U, Theorem 2 yields

Yit1 = Yipllz, = HNsH(Yz‘ + hzbjF(N}(Zj))) - f@ﬂ‘ .
=1 “

<ox|[fi + n B FOGE], - Yo RSB EWZD|, + b ) - Fz)
j=1 j=1 ! J

<[Pl ~¥i- b b PNGZ)||, + B3 bW - F(Z))
j=1 a j=1

<ON Vil = Firalle, + (1+ Cw)| | Db (FNG (2)) = F(2y)|
j=1

<C(eh+ W+ S bl (FOG(2) = F(Z)l, ).

j=1
Hence, the local error is bounded by
[Yit1 = 65 (Yi)llz, < 1Yir1 = Yisallz, + Cih™"! < Ch(e+ B + h7).

This is turned into a bound on the global error using as in the proof of Theorem B which yields
the bounds on the L, norm claimed in the statement of Theorem [Bl The tail bound is obtained
using Markov’s inequality; see Corollary [l O
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