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Abstract

As its real/complex counterparts, randomized algorithms for low-rank approximation to
quaternion matrices received attention recently. For large-scale problems, however, existing
quaternion orthogonalization methods are not efficient, leading to slow rangefinders. By re-
laxing orthonormality while maintaining favaroable condition numbers, this work proposes
two practical quaternion rangefinders that take advantage of mature scientific computing
libraries to accelerate heavy computations. They are then incorporated into the quaternion
version of a well-known one-pass algorithm. Theoretically, we establish the probabilistic
error bound, and demonstrate that the error is proportional to the condition number of the
rangefinder. Besides Gaussian, we also allow quaternion sub-Gaussian test matrices. Key to
the latter is the derivation of a deviation bound for extreme singular values of a quaternion
sub-Gaussian matrix. Numerical experiments indicate that the one-pass algorithm with
the proposed rangefinders work efficiently while only sacrificing little accuracy. In addition,
we tested the algorithm in an on-the-fly 3D Navier-Stokes equation data compression to
demonstrate its efficiency in large-scale applications.

Keywords: Randomized Algorithm, Rangefinder, One-pass, Quaternion matrix, Sketch-
ing, Low-rank approximation, sub-Gaussian

1 Introduction

1.1 Background

Low-rank matrix approximation (LRMA) has been applied in various applications. In the big
data era, large amounts of data are being captured and generated through various channels, such
as high-definition color video, scientific simulations, and artificial intelligence training sets. This
trend poses challenges in terms of computation time, storage, and memory costs to LRMA. In
2011, a randomized SVD algorithm (HMT) [14] was proposed by Halko, Martinsson, and Tropp,
which uses a random sketch to obtain an oversampling approximation before implementing
the truncated SVD. Compared to the deterministic SVD, the randomized one runs faster with
adjustable precision loss. It is robust, but there is still a need to revisit the original data
during the low-rank approximation. In 2017, Tropp et al. [41] proposed a one-pass randomized
algorithm using two sketches, which needs to visit the data only once. It is more effective for
managing data with limited storage, arithmetic, and communication capabilities. Later on, the
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authors developed also a one-pass algorithm using three sketches and applied it to streaming
data [42]. Prior to these work, randomized algorithms have been studied extensively in the
literature; see, e.g., [1, 46, 8, 30, 45, 9, 4], and the recent surveys [40, 20, 21, 34, 31, 32].

Despite the noncummutativity in quaternion multiplications, quaternion matrices have been
widely used in various applications such as signal processing [11], color image analysis [39, 3§],
and machine learning [48, 33] in recent years. Randomized quaternion low-rank matrix approx-
imation has garnered increasing attention very recently. Liu et al. [27] developed a randomized
quaternion SVD algorithm based on the HMT framework by using structure-preserving quater-
nion QR and quaternion SVD, and studied its error bound. This algorithm was later applied
to nonnegative pure quaternion matrix approximation [29]. Ren et al. [35] proposed a ran-
domized quaternion QLP decomposition algorithm. Li et al. [23] also proposed a randomized
block Krylov subspace algorithm with improved approximation accuracy. Very recently, a fixed-
precesion randomized quaternion SVD was studied in [28].

The framework of the HMT algorithm [14] (also [41, 42], and the quaternion randomized
algorithms [27, 35, 23]) can be divided into a randomized QB approximation stage and a trunca-
tion stage. Initially, the QB stage involves generating a sketch of the input data matrix through
randomized oversampling with Gaussian or alternative embeddings. This then leads to the for-
mation of the ) matrix, representing an orthonormal basis for the range of the sketch, known
as the rangefinder step. The B matrix is then determined, either exactly [14] or approximately
[41, 42]. In the truncation stage, truncated SVD or other deterministic methods are performed
on the B matrix to find a more accurate fixed-rank approximation.

1.2 Quaternion rangefinders

In the real/complex case, constructing an orthonormal rangefinder is cheap. Fast and stable
algorithms for orthogonalization have matured, and highly optimized implementations are avail-
able, such as MATLAB’s built-in function qr, and various QR routines in LAPACK [3] and the
Intel Math Kernel Library (MKL) [10].

In the quaternion case, orthogonalization approaches are developing. Classical QR decompo-
sition methods can be extended to the quaternion arithmetic with little modifications. For ex-
ample, the quaternionic Householder QR was proposed for quaternion eigenvalue computations
[5]; this was implemented by Sangwine and Le Bihan in the quaternion toolbox for MATLAB
(QTFM) [36] with the function name qr. To speed up quaternion matrix computations, in a se-
ries of papers [18, 24, 19, 7], the authors proposed structure-preserving algorithms. This type of
algorithms is promising, as its basic idea is to only operate on the compact real representation of
a quaternion matrix, avoiding quaternion operations and smartly reducing computational com-
plexity. The structure-preserving quaternion Householder QR (QHQR) [19, 26] is numerically
stable and accurate; the structure-preserving quaternionic modified Gram-Schimit (QMGS) [44]
is more economic but may lose accuracy. These methods together with QTFM’s qr function were
employed for orthonormal rangefinders by the quaternion randomized algorithms [27, 23, 35].

1.3 Limitation and motivation

The above quaternionic orthogonalization methods are efficient in small and moderate problems;
however, for large-scale matrices, they are still expensive. For instance, even QMGS (wihch is
the fastest one mentioned in the previous subsection) is at least two order of magnitude slower
than gr in MATLAB for 5000 x 500 matrices; see Fig. 1'. One of the possible reasons is that

IThe code of QHQR was downloaded from http://maths. jsnu.edu.cn/_upload/article/files/40/5c/0abecd234d2c909be8bafacciad/
and that of QMGS was implemented from [2]. MATLAB’s qr and svd are applied to the full complex rep-
resentation of the quaternion matrix, which is of size 2m X 0.2m; see the next section. As complex QR and
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Figure 1: Running time comparisons of QTFM’s qr, QHQR, QMGS, and MATLAB’s qr and
svd (applied to the full complex representation). m from 100 to 5000, n = 0.1m

highly optimized implementations of these quaternion orthogonalization methods are far from
developed. For example, MATLAB’s built-in functions such as qr and svd do not support
quaternions yet; nor MKL. Without an elegant implementation, even an advanced method
cannot take advantage of the features such as parallelism and memory management in modern
computing architecture, holding back its advancement.

To pursue speed, a common design philosophy is to trade accuracy, akin to randomized
algorithms. Following this vein, it is possible to consider a non-orthonormal rangefinder. If so,
what criteria should the new rangefinder meet, and how to quantify the loss of orthonormality?

Within the HMT and RQSVD frameworks, the orthonormal rangefinder plays two roles.
One is to improve the numerical stability in matrix decompositions [14, Section 4.1]. The other
is to explode the singular values and their corresponding singular vectors in the truncation
stage, which helps in better approximating the original matrix. To quantify the accuracy, it is
natural to take the condition number of the rangefinder into account. Obviously, an orthonormal
rangefinder gives the optimal condition number, while deviations from orthonormality should
maintain a condition number that does not indicate severe ill-conditioning.

When the criterion above is met, it is expected that the new rangefinder is built upon
mature scientific computing libraries or advanced algorithms in the real/complex arithmetic to
fully utilize the modern computing architecture.

1.4 This work

The general idea throughout this work is to transform heavy quaternion computations to QR,
SVD, and solving linear equations in the complex arithmetic. To this end, we employ compact or
full complex representations of quaternion matrices as intermediaries, accepting potential reduc-
tions in orthonormality and accuracy to maintain favorable condition numbers. The influence
of condition numbers on approximation accuracy will be examined theoretically. Specifically:

In Section 3, we provide two range-preserving rangefinders, termed pseudo-QR and pseudo-
SVD. Theoretically, Pseudo-QR can reduce the condition number of the sketch from 10® within
10. Pseudo-SVD on the other hand generates an orthonormal matrix even with very ill-

SVD cannot directly generate an orthonormal rangefinder in the quaternion domain, the purpose of this rough
comparison is to show that the speed of computing the rangefinder still has a large room to improve.



conditioned sketch. Almost all the computations are built upon established scientific computing
libraries in the complex arithmetic to ensure their efficiency.

In Section 4, the proposed rangefinders are incorporated into the quaternion version of the
one-pass framework of [41].

Our theoretical findings in Sections 4, 5, and 6 are summarized as follows:

e In the QB approximation stage, the approximation error, measured by the tail energy, is
independent of the condition number of the rangefinder;

e In the truncation stage, the truncation error is proportional to the condition number of
the rangefinder. This and the previous point ensure the reasonability of using a non-
orthonormal yet well-conditioned rangefinder in theory.

e We derive a deviation bound for extreme singular values of a quaternion sub-Gaussian
matrix, which may be of independent interest. This theoretically justifies the use of
quaternion sub-Gaussian test matrices.

Some comments are in order.

e The result of the first two points applies to any range-preserving while non-orthonormal
rangefinders.

e The deviation bound of extreme singular values of a quaternion Gaussian matrix was first
studied in [27], while ours in the sub-Gaussian case generalizes a result in the real case
by Vershynin [43]. Specifically, with high probability, the singular values of a tall m x n
quaternion sub-Gaussian matrix are shown to lie in the interval [2v/m —2Cv/n—t,2y/m +
2C/n + t] for some C,t > 0.

Finally, Section 7 evaluates the performance of our algorithm and other ones through various
experiments using synthetic data. We apply our method to compression of scientific simulation
data from 3D Navier-Stokes equations and a 4D Lorenz-type chaotic system to demonstrate its
efficiency in large-scale problems.

Our implementation in MATLAB is available at github. com/Mitchell-Cxyk/RQLRMA, which
can be ran with either CPU or GPU.

2 Preliminaries on Quaternions

Quaternions were invented by Sir William Rowan Hamilton in 1843. A quaternion scalar is of
the form a = ay, +agzi+ayj+a.k where ay, az, ay, a. are real numbers. The sum of quaternions
is defined component-wise and the their multiplication is determined by the following rules
along with the associative and distributive laws i?> = j? = k? = ijk = —1. For a,b € Q,
ab # ba in general. A quaternion matrix Q € Q™™ is defined as Q = Qu + Qi+ Q4j + @k,
where Q;(i = w, z,y, z) € R™*™. The conjugate and conjugate transpose of Q are respectively
denoted as Q := Q., — Qi — Qui—Q:kand Q" := QT —QTi— Qg' —QTk. For two quaternion
matrices P and Q of proper size, P*Q = (Q*P)* while P*Q # P* - Q. More properties are
referred to [47].
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2.1 Quaternion vector space

Considering vectors with quaternion coordinates, a module over the ring Q is usually called the
quaternion right vector space under the summation and the right scalar multiplication. Given
quaternion vectors vy, ..., Vv,, they are right linearly independent if for quaternions k1, ..., k.,

viki +voko + -+ vk =0 implies k; =0, i=1,...,7.

Most linear algebra concepts and results can be transplanted to the right vector space in parallel
[47] and throughout this work, we always omit the prefix “right”.

Given V = [vy,...,Vv,], its range is defined as

R(V):span(vl,...,vr):{Z:Zlvikr | k. €Q, i:l,...,r}.

The inner product between u and v is given by (u,v) = u*v [17, 6]. They are orthogonal if
(u,v) = 0 and written as u L v. If (u,u) = (v,v) = 1, they are called orthonormal quater-
nion vectors. Considering a quaternion linear space V, for a subspace £ C V), its orthogonal
complement is defined as £ ={v e V: (v,w) =0,Yw € L}.

2.2 Complex representation

Q € Q™*™ can be represented as Q = Qo + Q1j, where Qp, Q1 € C™*" with Q¢ = Q + Q.1
and Q1 = Qy + Q.i. The (full) complex representation of Q is defined as [47]:

L QO Ql 2mx2n
Xq = {_E @] eC :

Xxq has several nice properties that it is useful in the study of quaternions:

Proposition 2.1 ([47]). Let P,Q be quaternion matrices of proper size. Then

X Ptk = k1Xp +k2Xq(k1, k2 €R),  Xpq = XPXaq>
X =XQ"5 Xq ' =Xq 'if Q! exists,
Xq is (partially) unitary/Hermitian if and only if Q is (partially) unitary/Hemitian.

Xq can be partitioned as two blocks:

-1 Qo

We call Q. the compact complex representation of Q. Q, can be generated from Q. by using

IO _ém} , with Q, = JQ.. The relation between Q. and Q, is

important in the design and analysis of our rangefinders. One can directly check that J admits
the following properties:

Xq = [Q¢, Qu], with Q. := [ QL] Q= [@] _

the symplectic matrix J :=

Lemma 2.1. J-adjoint satisfies:

T'=T"'=-T, Xq@=[QuJQ); TXQJ =IXQJ"* =Xq

T, J0)T = T, J0)JT* = [v,Jv], and (v, J7T) = 0,Vv € C>™.

The quaternion Moore-Penrose (MP) inverse can be defined similarly as its real/complex
counterpart [2, section 1.6]. For A € Q™*", there exists a unique solution X, denoted as AT,
that satisfies the following four matrix equations

AXA = A, XAX =X, (AX)"=AAX, (XA)*=XA.



Lemma 2.2. Let A € Q"*"; then xai = (XA)T.

Proof. The lemma can be proved by checking the MP inverse directly:

XatXaXat = Xataat = Xaft,
XAXatXAa = XAaAaTA = XA
(xaXxat) = XZAf = X(aAf)* = Xaal = XaXAf
(XatXA)" = Xata = Xata)r = Xafa = XatXa-
O

Lemma 2.3. Let U € C?>™*"; denote M := [U, JU| and Py := MM the orthogonal projection

on to R(M). Then JPyJ* = J*PuJ = P

Proof. Denote U € Q™*™ such that U, = U. Then xyy = M. Thus

TPuT* = TIxuXu'T* = IXuutT* = Xuut = XuXul = MMT =Py,

where the second and fourth equalities are due to Lemma 2.2 and Proposition 2.1, and the third
one comes from Lemma 2.1. Verifying J*Py;J = P)y is similar. O

Analygously to the real/complex case, quaternion matrices admit SVD:

Theorem 2.1. (compact QSVD [47, Theorem 7.2]) Let A € Q™*™ (m > n) be of rank r.
Then there exists unitary quaternion matrices U € Q™*™ V€ Q™™™ and diagonal real matriz
¥ = diag(o1,...,0.,0,...,0) € R™™™ with 01 > --- > 0, > 0, such that A = UXV*,

The following property, which can be deduced from [47], reveals the relation between the
SVD of A € Q™*™ and its complex representation ya:

Proposition 2.2. Under the notations in Theorem 2.1, if A = UXV™, then xa = xuSxv"
with S = diag(X,¥) € R2"*2" 4s q compact SVD of xa, and vice versa.

Lemma 2.4. [2, Section 1.6] Under the notations in Theorem 2.1, if A = ULV*, then AT =
UXtV* with &t = diag(o; ', ...,0,7%,0,...,0) € R"¥",

y Y

3 Practical Quaternion Rangefinders

Given a data matrix A € F"™*" (F = R,C,Q), a randomized rangefinder first draws a random
test matrix Q € F™*® with s < n [41] (s is close to the target rank and often can be regarded
as a constant), takes a sketch Y = AQ, and then orthogonalizes it, i.e.,

Y = AQ, Q = orth(Y),

where @ is orthnormal and preserves the range of Y. In the real/complex case, computing @ is
cheap by using QR decomposition, while things change in the quaternion setting, especially for
large-scale problems, as discussed in the introduction. To better fit into the modern need, we
present two practical rangefinders in this section by trading accuracy or space for time cost. To
achieve this, we mostly employ mature libraries such as QR, SVD, and linear equation solvers
in complex arithmetic for heavy computations. Finally, we will compare the running time of
the proposed rangefinders with those in the literature.



3.1 Pseudo-QR

Given a quaternion matrix X = Xy + X;j € Q™*", previous work (cite) indicates that full

information has been contained in its compact represtation X, = XL € C?mxn_ while
—X1

full representation yx futher preserves its structure as an operator. Although X. does not
capture the entire structure in the same way as yx, the fact that yx can be easily derived
from X, implies that underlying structure may still be preserved within X.. Starting from this
observation, we prefer to operate on X, to obtain our first rangefinder.

Let Y = AQ =Y, + Y1j € Q™** with m > s be the sketch of the input data matrix

Y
A € Qm*" with Q € Q"** the random test matrix. Let Y. = [ }0/—] € C?™*s be its compact
-1

complex representation. Then, a cheap thin QR in the complex arithmetic can be directly
applied to Y.:

v.- | '] —an o

where QQ € C?™*% is orthonormal in the complex space, and R € C**° is upper triangular.

Then, we partition @ as Q = [80] with Qg, @1 € C™**. Furthermore, denote
1

Hy:=Qo, Hi :==—0Q1 and H:= Hy+ Hij € Qm*%. (2)

It then follows from (2) that the compact representation of H is exactly Q:

n= ] = [d) =e

This together with (1) shows that H, and R gives the QR decomposition of Y:
Y.=H,R, H, e C’% RecC**, (3)

The following result shows that H has the same range as Y:

Theorem 3.1. Assume that Y € Q™*° has full column rank. Then,

R(H) = R(Y). (4)

Proof. It suffices to show that there exists an invertible matrix R € Q®*¢ such that Y = HR.
Let Y. = H.R be as in (3). As Y is of full column rank, Proposition 2.1 indicates that yv
is also of full column rank, and so is Y.. Thus R is invertible. By Lemma 2.1, xy can be
represented as:

Xy =Y, JY.] = [H.R, JH.R]
= [H., JH ]diag(R, R) = yndiag(R, R).

Transforming back to quaternions, the above identity is equivalent to Y = HR. Thus (4) follows
from the invertibility of R. O

Remark 3.1. Even if Y is rank-deficient, we still have R(H) D R(Y), i.e., the range of H
captures the range of the sketch Y.

The theorem belows shows that, although H may be non-orthonormal in the quaternion
domain, its singular values are structured.



Theorem 3.2. All the singular values of H takes the form of

Vliula\/liMQV"a

with 0 < p; < 1, and the largest singular value is upper bounded by /2.

Proof. By Lemma 2.2, It suffices to consider the singular values of its complex representation

H H —
XH = |:—HL1 F:):| = [Hm Ha] = [Hc, ch] .

It follows from the (3) that H*H, = I,; H*H, = H, J*JH, = H, H, = I, as well. Then we
have:

. I, H:H, — H, Hp
XH XH = a0
HiHy— Hy H, I,

and it is positive semi-definite. Denote T':= HH, = HjH; — E*Fo; then

. [r T

Consider the characteristic polynomial of xy*xm:

det ([(1 _Tf)fs a —TA)ID = det (1 = ML) det (1= VI, — (1= 07 T°T)

=det ((1 —\)’L,— T*T).

Let u2 be an eigenvalue of T*T. Then the above relation shows that A\ = 1 4 u are a pair of
eigenvalues of yg*xH, i.e., /1 £ p are a pair of singular values of yg, which together with
Lemma 2.2 shows that they are also singular values of H. Finally, it is easily seen from (5) that
I; = T*T, namely, p € [0, 1], which implies that the largest singular value of H is smaller than

V2.
O

Remark 3.2. The two properties above are not enough to control the condition number x(H). In
fact, from the analysis above, we see that the smallest singular value of H depends onT = H H,.
If the angle between span(H.) and span(H,) is very small, then T tends to be an identity
matriz and so the smallest eigenvalue of xu*xm tends to zero; on the contrary, if span(H.)
and span(H,) are perpendicular to each other, then T is exactly 0 and the smallest eigevalue
of xu*xu is 1. However, by the construction (3), span(H.) = span(Y.) and span(H,) =
span(Y,). As [Y¢, Y. = xy and Y is data-dependent, we cannot make any assumption on
the angle between span(Y.) and span(Y,). Thus the smallest singular value of H cannot be
estimated, nor x(H).

Nevertheless, empirically we usually observe that x(H) is at least two times smaller than
k(Y). To further reduce x(H), we can perform a range-preserving correction step:

H,cw < (1 — ¢ )H + e(HT)* (6)

The next theorem shows that, if € is chosen close to the smallest singular value of H, and if
x(H) is not small, then it will be reduced rapidly.

Theorem 3.3. Suppose in (6), one chooses € such that € € [o5(H), dos(H)], where § € [1,V/7/2].
If k(H) > max{2v/25,20% + 1/2}, then k(Hpew) < /k(H).



The role of é above means that one can compute o4(H) inexactly; in practice, one usually
performs two or three power iterates of approximating o (H') (namely, os(H)™!) to obtain e.
The upper bound of x(H) > max{2+/26,26%+1/2} is 4, i.e, when x(H) > 4, it will be reduced to
its square root. Empirically, an H with x(H) < 10 is enough for obtaining a desirable low-rank
approximation.

In practice, one can execute the correction step (6) at most two or three times to obtain
a desirable H. The following corollary shows that, if H is generated by (1) and (2) with
k(H) < 108, then x(H) will not exceed 10 after at most three correction steps.

Corollary 3.1. Let Hyyq1 « (1 — e)Hy + Ek(HD* with Hy be given by (1) and (2). If
er € [os(Hy),60,(Hy)], where 6 € [1,3/7/2], and if x(Hy) > max{2/26,20% + 1/2}, then
K(Hk-i-l) < \/K(Hk).

The proofs of Theorem 3.3 and Corollary 3.1 are given in the appendix. The iterative scheme
above is essentially the quaternion version of the quadratically convergent Newton method for
computing polar decomposition [15, Section 3.3] but with different parameters.

The remaining question is how to compute (HT)*. We convert it to solving linear equations
in the complex arithmetic such that highly efficient solvers can be used. To this end, assume
that Y has full column rank (and by Theorem 3.1, so does H); further assume that H*H is not
too ill-conditioned (say, x(H*H < 10'6)). Since Hf = (H*H)~'H*, we can solve the equation
H*HX = H* to obtain (H")*. The following idea comes from [47]. For a general quaternion
linear equation AX = B with A € Q™*" X € Q"*% B € Q™**,

AX =B & xaXx = XB © Xa [X¢, X,] = [Be, By

In fact, using the relation X, = JX,, solving the complex equation xaZ = B is enough to
give a solution to AX = B. To see this, let Z € C?"** be a solution to XA Z = B, and partition

it as Z = [Zg, 23] with Zo,Z) € C"5. Similar to (2), let X := Zy — Z1j; then X, = Z,
namely, xaX. = B, and it follows from Lemma 2.1 that

XaXae = XaTX. = IXaT IXe = IXaXe = IB. = B,
which together with yaX. = B, means that AX = B.

Therefore, it suffices to solve yp+uZ = (H*). to obtain H. Note that g+ € C2*2¢ and
(H*). € C%*™_ As the sampling size s is usually small, solving this equation in the complex
arithmetic can be efficient by using mature solvers.

Algorithm 1 Quaternion structure-preserving equations solver

Require: A € Q"> and B € Q!

Ensure: Quaternion matrix X € C"2*! satisfy AX = B
1: Construct ya € C?>"1*2"2 and B, € C?™M !,
2: Compute X. = ya\Be.
3: Construct X = X.(1: na,:) — Xe(ne + 1: 2n9,:)j

The whole algorithm in this subsection is summarized in Algorithm 2.

3.2 Pseudo-SVD

In the complex QR step of pesudo-QR, we only enforce orthonormality on H.. To obtain a
better well-conditioned H, the relationship between H. and H, = JH, should be taken into
account. A motivation is from the following lemma.



Algorithm 2 (pseudo-QR) quaternion pseudo-QR implementation

Require: Sketch matrix Y € Qm*".
Ensure: A quaternion rangefinder H € Q™**
1: Construct the 2m x s complex matrix Y. from Y.
2: Compute complex QR [U, ~] = qr(Y,,0)
3: Construct H = Hy + H1j from U with Hy = U(1:m,:) and H; = -U(m+1:2m,:)j .
4: Execute the correction step (6) a few times (often 2 to 3 times). One can use Algorithm 1
to solve xp+gZ = (H*). to obtain HT.

Lemma 3.1 (c.f. [47]). Let A € Q™™ be Hermitian. If v is an eigenvector of x4 corresponding
to the eigenvalue X\, then A = X\, and Jv is also an eigenvector asssociated to X. Moreover, v is
perpendicular to JT.

The above lemma implies that in the ideal situation, if every columns of H. are from different
eigenspaces, then H:H,. = I, H:H, = H}JH,. = 0, which means that yg*xm = I, and H is
orthonormal. To this end, we resort to (and modify) the method introduced in [22] to find a
suitable pair (H.,H,). The idea is to find an SVD of Y via computing the complex SVD of
Xy Let

XY - USV*, Ue (CQmXQS, Ve (CQSXQS7 S = |:§ g:| c ]R25><25 (7)
be a compact SVD of xvy, where ¥ is diagonal. Partition
. Uul Uur - Vul Vur : mxs sXs
U= [Udl UdJ , V= {le Vdr:| , with Uy, € C™*%, V,,, € C¥7%. (8)
Denote
H:=U, —Ugje Q™ and V :=V, —Vyje Qs*s. 9)

Theorem 3.4 ensures that conditionally, HXYV™* is a compact QSVD of Y.
Theorem 3.4. Let H, %,V be given by (7) and (9). If all the singular values of Y are distinct,
then HYX V™ is a compact QSVD of Y.

We first present the following lemma.

Lemma 3.2. Let o1 > --- > o, be r singular values of xvy, each of which has multiplicity two,
and Uy = [u1,...,u.] be r left singular vectors corresponding to o1,...,0.. Then [Us, JU,]| is
orthonormal and spans the left invariant subspace of o1,...,0..

Proof. By the multiplicity assumption on o1, ...,0, and noting uv; L Ju;, Lemma 3.1 shows
that span(u;, J@;) is the invariant subspace of o;. On the other hand, each u; belongs to
distinct o;, and so u; L u;, Ju; L Ju;, Ju; L Juj, © # j. Thus the results follow. O

Proof of Theorem 3.4. The assumption shows that ¥ consists of distinct singular values. By
Lemma 2.2, it suffices to prove that

Xy = XuSxv" = [H,, JH,| [% g} [(j‘\f/_;fc)*] (10)

10



with [H., JH.| and [V., JV.] orthonormal. It follows from the construction of H that H, =

[g”l] , which, by Lemma 3.2, demonstrates the orthonormality of [H., 7H,]. Similarly, [V., 7V.]
di

is orthonormal. It then follows from xv V.= H.X that

XyIVe =TT XyIVe=IXyVe=JHX = JH.%,

and so Xy [Ve, T V.| = [He, JTH.|diag(%, X), which together with the orthonormality of [V, J V.| €
C25%2s yields (10). O

Remark 3.3. The above proof implies why the assumption in Theorem 3.4 is neccessary. Con-
sider the counterexample Y = Iy € Q?*2, and so xy =1Is € C**4. Any normalized u € Ctisa
singular vector. If H. = [u, Ju], it is clear that JTH, = H. and so [H., JH.] is rank-deficient.

However, some issues should be addressed. Firstly, as v is two times larger than Y (in terms
of the real elements), directly computing the SVD of yy seems to be redundant. Nevertheless,
recall that Y € Q™*® is a sketch, whose column size s is usually much smaller than m [41];
thus the SVD of yvy scales well. As shown in subsection 3.3, rangefinder based on SVD of xy
is still much faster than the competitors.

A much criticized flaw is that when Y is too ill-conditioned (say, x(Y) > 10'3), due to
rounding errors, numerically, the small singular values of xy may not appear twice, and so
doing (9) may not generate the correct singular vectors for H corresponding to the small singular
values [5, p. 84]. The same situation also occurs when Y has duplicated singular values. In this
two cases, H given by (9) is no longer orthonormal and may not even span the correct range.

Fortunately, the above issue indeed can be tackled because the task is to find a well-
conditioned range of Y instead of a QSVD. When this issue occurs, numerically computing
an SVD of xy may exhibit the following form

Xy = U'Sv‘/:k7 Ue (C27n><257 Ve (C2S><2S, Sv _ |:‘%l] 2(])b:| c ]RZSXZS7 (11)

U'U = I, V'V = Iy, 5 € R (t < 5), 8, = [% g] € R2A—1x2(s—1),
i.e., now the singular values S can be partitioned as the “good” part S, and the “bad” part
4. Sg consists of singular values of xy still appearing exactly twice, i.e., ¥ consists of distinct
smgular values. ¥, represents those small singular values, which, due to rounding errors, are
distinct and the order is disturbed (the latter is more severe), as well as the sigular values with
multiplicity larger than 2.

Given xyy = USV* as in (11), if still generating H by (9), then H*H will exhibit the form
of

* _ IQ(s—t) 0 25X2s
H'H = [ 0 | € Q ,

where “x” is a matrix not equal to identity. Based on this observation, correcting H can
be excecuted as follows: first write U = [U,, U], with U, € C>™*2(=%) and U, € C>™*2
corresponding to S, and ¥, respectively; V = [V,, V3] is partltloned accordingly. From (11)
denote

Xy =Y, +Y, Y, =US, V), Y,=UXpV " (12)

Further partition U, as in (8) and generate H, from U, as in (9). According to the definition
of Sy, Lemma 3.2 ensures that

H, is orthonormal and R(Xg,) = R(Uy). (13)

For ¥, although it is not structured, we can still select a representation basis from Up.
Denote Uy, := [ug,...,us] € C*™*2!. Then:
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Proposition 3.1. One can find U; := [uiy, ..., u;,] CUp = [u1, ..., us], such that

span(U;, JU;) = span(Uy) = 2t. (14)

The proof is given in appendix. Given this and let H; € Q™! be constructed such that

xu; = [U;, JU;]. Then
Proposition 3.2. If Y has full column rank, then R([Hg, H;]) = R(Y).

Proof. This can be achieved by verifying that the direct sum R(H,) @ R(H;) = R(Y), as
H, 1L H;. As (12) holds, we only need to verify R(xm,) = R(Up), which by the construction of

Hj is true because R(xn; ) = span((H;)., J (H;).) = span(Uy, JU;) = span(Uy) using (14). O

Denote Hy,., = [Hy, Hj], it remains to adjust He,, such that it is orthonormal. Owing to
(13) and that H, L Hj, we only need to adjust Hj, which in fact can be simultaneously done
during the selection of U; using modified Gram-Schimit orthogonalization [12].

However, in case that t < s and Y is too ill-conditioning, we find that the following process
is more accurate and efficient. The idea still resorts to complex SVD. Denote H;, € Q™*? such

that xm, = [Us, JUs| (this Hy need not be explicitly constructed). Then Lemma 3.2 shows that
R(xm,) = span(Up). In addition, let

H, < Hydiag(f), with f; ~ Uniform(0,1) +1, j=1,...,2¢t. (15)

Empirically, multiplying diag(f) avoids H; to have duplicated singular values. In this case,
applying the complex SVD to xg, € C*"*¥ yilelds

Xu, = [Un1, Unz, Unpldiag(Sh, Sn, 0)Vi, Tp € R, Upy € C™ (16)
which reduces to the case of (11). We can construct the new H; € Q™** from Uy, such that
x#; = [Un1,JUn1]. By Lemma 3.2, Hj is orthonormal and R(xm;) = span(Uy). Denote
H,.., = [Hy, H;]. We still have R(Hcw) = R(Y) and H,.,, is orthonormal.

The whole computation is summarized in Algorithm 3.

Algorithm 3 (pseudo-SVD) quaternion pseudo-SVD implementation

Require: Sketch matrix Y € Q™*%.
Ensure: Quaternion rangefinder H € Q™*#.
1: Compute complex SVD [U, ~, ~] = svd(xy,0) and partition U = [U,, Up| with U, € C?™*2!
corresponding to the “bad” part.
2: Construct Hy = Ho + H1j from U, such that xu, = [Uy, JU,).
3: if t < s then
4: Construct Hy, from (15). Compute [Up,~,~| = svd(xm,,0) with Uy = [Up1, Unz, Uns)
as (16), and construct Hj such that xu, = [Un1, JUn1).
5: else
Sequentially select linearly independent w;,,...,u;, from U, and simultaneously do or-
thogonalization such that w;, L [us,JWs,...,uy; ,, JUi;_), j = 2,...,t. Let U; =
[tiy....,u;,] and construct Hy such that xu, = [Uj, JUj).
7. end if
: H=[H,, H;|.

o
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Figure 2: Running Time m = 25n, x-axis is m and y-axis is running time with Logarithmic scale.
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Figure 3: m = 1000, n = 200, condition number of sketch from 1e6 to 1e22.

3.3 Comparsions

For a sketch Y € Q™*¢ the computational complexity of Pseudo-QR and Pseudo-SVD is
O(ms? + s3) and O(ms?), respectively. In practice, these algorithms are suited to different
criteria. Pseudo-QR performs well when the condition number x(Y) < 108. Conversely, Pseudo-
SVD is more accurate for highly ill-conditioned sketch; however, it necessitates to compute the
SVD of x(Y), which demands twice the memory compared to Pseudo-QR.

Subsequently, we will juxtapose these algorithms with other rangefinders, including the qr
function in QTFM, the structure-preserving Quaternion Householder QR (QHQR) [19], and
the structure-preserving modified Gram-Schmidt QR (QMGS) [2]. Figure 2a illustrates that
our rangefinders exhibit significantly lower computational costs compared to qr in QTFM and
the QHQR. The disparity in their time complexity can span two to three orders of magnitude,
escalating with an increase in the size of the sketches from 600 to 2000. As the size continues to
grow, Figure 2b demonstrates that our rangefinders outperform the QMGS algorithm markedly,
while the gqr function in QTFM and QHQR become prohibitively time-consuming. Finally,
Figure 2c reveals that Pseudo-QR operates marginally faster than Pseudo-SVD when the data
size exceeds 10%.

We then fixe the size of Y to be 1000 x 200 while vary «(Y) and compare their precision as
illustrated in Fig. 3. In terms of the condition number of the rangefinder, all the rangefinders
perform well when x(Y) < 10'®, and the orthonormal ones (Pseudo-SVD, QMGS, QHQR)
keep their orthogonality. In terms of the range precision || HH' — YYT ||z, Pseudo-SVD and
MGSQR outperform the competetors, while Pesudo-QR is still valuable when #(Y) < 108.
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4 One-Pass Algorithm

In this section, we consider the one-pass randomized algorithm proposed by Tropp et al. [41]
with a range-preserving while possibly non-orthonormal rangefinder. The one-pass algorithm
can reduce storage cost and ensure linear update of streaming data, where the latter can save
multiplication flops during sketching [41, 42].

Our theoretical result shows that the accuracy loss of the truncation approximation is propor-
tional to the condition number x(H). More detailed estimation with Gaussian and sub-Gaussian
embeddings will be left to Sections 5 and 6.

4.1 The algorithm

For a given data matrix A € Q™*" and the target rank r, the purpose is to find a rank-r
approximation. First draw two random quaternion ¥ € Q™™ and © € Q™** independently
where the sketch size satisfy: r < s <1 < min{m,n}. Then main information can be captured
by two sketches:

Y =AQ Q™ and W =WA c Q*", (17)

where Y is used to generate the range H by using any range-preserving rangefinders such as
pesudo-QR or pesudo-SVD.Then, a rank-s QB approximation can be obtained by solving

HX = H(VH)'W. (18)

Finally, a truncated QSVD is applied to X to further obtain the final rank-r approximation. In
the recovery algorithm, only Y, W, and W are required, which means that A is not exposed to
the recovery process. The pseudocode is given in Algorithms 4 and 5.

Algorithm 4 QB Stage

Require: Quaternion sketch Y € Q%% W € Q'*™, test matrices ¥ € Q'™

Ensure: Rank-s approximation of the form A = HX € Q™*" with H € Q™% and X € Q**"
1 H+ F(>Y) > F is a rangefinder map.
2: X + (YH)\W > Solving overdetermined quaternion linear equations
3: return (H, X)

Algorithm 5 Truncation Stage

Require: (H,X) from Algorithm 4

Ensure: Rank-r approximation A = UXV* with U € Q™" orthonormal V € Q"*", and real
diagonal matrix > € R"*".

(U,%,V) =QSVD(X)

Y=X1:r1:7),U=U(,1:7r),V=V(,1:7)

U=HU

return (U, X, V)

Remark 4.1. To solve ($H)\W, one can use Algorithm 1 in the complex arithmetic. QSVD in
the truncation stage can be any quaternion SVD algorithms [26, 37, 16, 25] or directly computing
the SVD of xx.
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Remark 4.2. Even though H may be non-orthonormal, empirically, we find that a truncation
stage is still helpful in improving the recovery accuracy than only doing a QB approximation.
This is the same as the orthonormal case [41, 14, 27].

4.2 Deterministic error

This subsection is only concerned with the deterministic error without assuming the distribution
of the test matrices at first. More detailed probabilistic bounds will be given in Sections 5 and 6
when a randomized embedding is selected. The following basic requirements on the rangefinder
H and the sketch size are made througout this subsection:

To analyze the approximation error with a non-orthonormal H, the idea is to use QB decom-
position as a bridge such that existing error analysis can be applied. One can represent H
as:

H=QB, Qe Q™" Q'Q=1L. (21)

Under (19), R(Q) = R(H) = R(Y) and B € Q°**® is invertible. Here (21) can be thin QR,
compact QSVD, or polar decomposition.

We introduce notations used in this subsection. Define the partially orthonormal matrix
Q. € Q") with Q, Q% := I, — QQx such that R(Q) L R(Q.). Then we define
submatrices:

U, =0Q, € QXM @, =¥Q c Q**, (22)

Let the QSVD of A € Q™™ be

A=UZV*=[U; U, [ 201 202 ] [ X; ] , L € R U € QM V€ QM (23)

and define:

QL =ViQeQ™™, Q,=ViQeQrmxs 24
1 2

The error of Algorithm 4, which is independent of k(H), is provided.

Theorem 4.1 (QB error). Let (H,X) be generated by Algorithm J and (19) holds. With
notations in (22) and (24), if Q7 and ¥y have full column rank, we have the following error
estimation, where “a”c {F,2}:

IHX — All, <[| A — QQ*A [, + || T1¥1(Q1A) || (25)
< (1 10 ol i f12) (14 11 €22 112 €2 ll2) 122 (26)

in particular,
| A—(2Q) A |3=||A - QQ"A|} + | ®]{®, (Q1A) 3. (27)

Recall that X = (WH)' WA in Algorithm 4. Denote |X|, as the best rank-r approximation
of X. Analygous to the real/complex counterpart, |X|, is also given by the rank-r turncated
QSVD [22]. The truncation error is estimated in the following theorem:
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Theorem 4.2 (Truncation error). Let H, X be generated by Algorithm 4 with (19) hold, and
| X, be truncated by Algorithm 5. Then

” HLXJT - HX HaS K(H) (” A -HX ”a +TT(A)) . (28)

To make the proof of Theorem 4.1 clear, we devide it in a series of lemmas.

Lemma 4.1. Let A € Q%" and B € Q"*?; then (AB)" # BYAT in general. However, we
have the following sufficient conditions for (AB)T = BTAT:

1. A has orthonormal columns (A*A = ATA =1) or

2. B has orthonormal rows (BB* = BB =1) or

3. A has full column rank (ATA =1) and B has full row rank (BBT =1) or
4. B=A* or

5. B=A"

Proof. By Lemma 2.2, it suffices to prove (x AXB)T = X};XL- For two complex matrices E and
F, [13] proved that (EF)! = FTET holds if and only if:

E'EFF*E*EFF' = FF*E*E. (29)

Let E = xa, F' = xB. Using the properties of generalized inverse and complex representation of
quaternion matrices, one can check that each condition in this lemma can make (29) hold. O

Lemma 4.2. Let H € Q™ (m > s) have full column rank, Q € Q™** is given by (21), and
W is an arbitrary | x m (s <1 <m) quaternion matriz with full row rank. Then we have:

HX = H(VH)! WA = Q(¥Q)IwA. (30)

Proof. Let H= QB where B € Q**¢ is invertible. Then

H(¥H)' WA = QB(¥QB)'wA
(Lemma 4.1, point 3 = QBB™H(WQ) WA

=Q(¥Q)'wA.
The second identity is from Lemma 4.1 because ¥Q € Q!**(I > s) has full column rank (¥*
and Q are both of full column rank) and B is invertible. O

The following lemma is a trivial quaternion version of [41, Lemma A.4].

Lemma 4.3. Assume that ¥o has full column rank; then

(TQ)' TA - Q*A =TT, (Q1A).

The follow lemma comes from [27, Section 4.3]; see also [14, Theorem 9.1].

Lemma 4.4 (deterministic error bound). With the notations in Algorithm 4 and in (24), and
Q s as in Lemma 4.2,
IA—-QQA Iz <|| T2 |12 + || S22 ()" |17
2
< (112 lla + 1 2225 (9D ) -
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Now we prove Theorem 4.1. Note that (XT)* = (X*)T will be frequently used in the proof.

Proof of Theorem 4.1. By Lemma 4.2, it holds that
| A—HX [,=[| A -H(¥H)' ¥A [l,=|| A - Q(¥Q)'¥A |, . (31)
Thus, it suffices to evaluate the right part of (31). Then,
1A - Q(TQ)'wA[. < |A - QQ Al + |Q(TQ) ¥A — QQ*All,
= |A - QQ"All + [T}, (Q1A) |,

where the equality uses that both Frobenius and spectral norm are unitary invariant and by
Lemma 4.3. Note that

[, (Q1A) [lo <I| T [lo]| ©1 [|2 |QT A (32)
and

QLA = QLQL Al =[[A - QQ"Al[4;
it follows from Lemma 4.4 that

1A —QQ Al < (1+ 11 ) fl2ll 95 l2) | 2l -

In particular, using \Ilg\Ill (Q1A) = Q(TQ)'PA — QQ*A and Pythagorean identity,

| A-Q(¥Q)TA |7 = A-QQ"A+QQ*A - Q(TQ)'TA |}
= |A - QQ A} + | Tl w, (Q1A) |3

O

Proof of Theorem 4.2. Let H = QB as (21) where Q is partially orthonormal and B is invertible.
Then X = (¥H)' WA = (QB)' WA = B! (¥Q)" WA, where the last equality follows from
the proof of Lemma 4.2 and that a random fat ¥ € Q'™ drawn from continuous distribution
has full row rank genericly. Denote A;, := Q(¥Q)'WA. We have:

| HX — H|X], [lo <| H [l2f| X = |X]; [|o
=[|H |2 B"(¥Q)'¥A — B~ (¥Q)'¥A], |,
<|H [z BH(¥Q)'WA - B~ |(¥Q)' WA, |,
<IH 2| B 2+ || (ZQ)'TA — [(FQ)TTA, ||,
(], elrtwal, =a;,) = K(H) || Ain — [Ainlr la < k@) || Ain — [A]+ ||a
< KHE)(| Ain —Alla + | A=Al |la)
= k(H) (| A —HX [|o +7-(A)),

where the second inequality is because that B~ (¥Q)TWA |, has rank at most r, which is
no closer than |[B~}(¥Q)'WA |, to B~'(¥Q)/WA. The last equality uses Lemma 4.2 that
HX = H(PH) ' TA = Q(TQ)ITA = A;,.

O
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4.3 Selection of test matrices

There are advantages and disadvantages to using test matrices from various probability distri-
butions and structure in creating sketches. Such distributions influence parameter selection,
randomization and computation expenses, storage space complexity, trade cost in streaming
and distributed systems, as well as the numerical stability and error bounds.

e Gaussian. Quaternion Gaussian matrices have similar properties to real or complex
Gaussian matrices. In addition to practical performance, unitary invariance also enables
more accurate a priori error bounds, which will be discussed in Section 5.

e Radmacher. Rademacher matrices has similar behavior to quaternion gaussian matrix.
But it cost less in storage and arithmetic.

e Sparse. Sparse structural random matrices require much less storage and arithmetic costs
compared to matrices with no structure. However, they are less reliable and numerically
stable and may need more oversampling in QB stage.

e Rectangular. Tall random matrices act as approximate isometries. If we allow for a
more flexible selection of sketch size parameters, the distribution may not be as crucial.
However, to provide a priori error bound, assumptions of distribution and independence
are also needed. It as randomized embedding will be discussed in Section 6.

5 Guassian Test Matrices

We further quantify the probabilistic estimation of the QB error in Theorem 4.1 with Guassian
test matrices. The probabilistic truncation error can be then derived from Theorem 4.2 accord-
ingly. Using the statistical properties of quaternion Gaussian matrices established in [27], the
estimation can be derived using a similar deduction as in [41]. We first recall some results from
[27].

Lemma 5.1. (/27]) Let G € Q™™ be a quaternion Guassian matriz and S € Q™™ T € Q**
be fized. Then:

E | SGT [z =4S |7 T3,
ESGT [z <3 (IS |2l Tllr + 1S el T2)-

Lemma 5.2. (/27]) Let G € Qm*" (m < n) be a quaternion Guassian matriz. Then

V4 2
and E | Gl |l,= _evant2
2n —2m + 2

E|GH2= ———
Theorem 5.1 (Probabilistic QB error). For A € Q™*"(m > n), let (H,X) be generated by
Algorithm 4 with (19) hold, and let H = QB as in (21). If ¥ and Q2 in (17) are quaternion

Gaussian, for any k < s, we have

41+ 2 4s + 2
—A|3< 7.
ElHX —AfF< (4(l—s)+2> (4(3—k)+2> 132 {1 (33)

Proof. For the Frobenius norm, from (27) of Theorem 4.1, it suffices to respectively estimate
| i@, (Q5A) |2 and | A — QQ*A ||%2. Owing to the marginal property of the standard
normal distribution, ¥y = ¥Q € Q'** and ¥, = ¥Q, are statistically independent guassian
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matrices. We thus have

Eg| %, (Q1A) [} =Eg,Ee, |10, (Q1A) [} (34)
(Lemma 5.0 = 4K | @1 2] Q1A ||%
4s
cmma 5.2) < ——————— || Q% A |2
(L 52)_4(l—s)+2l|Ql ”F
4s
=———— [|I-QQHA |7 .

From (27) and the independence of 2 and ¥,

4
B IHX — A} = a (14 1o ) (- QQOA I} (39)

Lemma 4.4 shows that

Eo | (1 - QQ)A [} <I| 5 I3 +Ea | 5025 (€)' |3
4k
<|({1+———— ¥ |12 36
< (14 1o 122 I (36)

where the deduction of the second inequality is similar to (34). Plugging this into (35) yields

O

6 Sub-Guassian Test Matrices

This section establish the probabilistic QB error Theorem 4.1 with sug-Gaussian test matrices:

Theorem 6.1 (Probabilistic error). Assume that the sketch parameters satisfy the k < s <
I < min{m,n}. Draw random test matrices Q& € Q"> and ¥ € Q™ such that the rows of
QF and ¥ are independent sub-gaussian isotropic random vectors. Let H,X be generated by
Algorithm 4. Then we have

2V + 2CK/m — s +t 25 +2CKVn —k+t
1+ 22 la
2Vl — 2CK /5 —t 25 —2CkVEk —t

[HX — A [[o< <1+

_ QCKtz

with probability at least 1 — 2exp( = ), where Ci and cx are only depend on the sub-

gaussian norm K.

The main tool to prove the above theorem is Theorem 6.2, which gives a deviation bound
for extream singular values of a quaternion sub-Gaussian matrix. To achieve this, we need to
use real representation of a quaternion matrix as a bridge, such that the results in [43] can be
applied.

Similar to complex representation, a quaternion matrix Q = Q, + Qzi+ Qyj + @ .k has real
representation [27]:

and Tq = [J0Qr, 71Q:, 12Q., T3Q;]
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where Jy = I, and

—e5 —e3 —ef
T T T
e —e e
_ 1 _ 4 _ 3
jl_ T ®Im7 jQ_ T ®Im7 j?)_ T ®Im
€4 €1 —€3
—e3 e ef

All of J;(i = 0,1,2,3) are orthogonal. Spectral and Frobenius norms of a quaternion matrix Q
can be represented by those of real matrices as below:

1
1Qll2 = ITellz 2l Q- llz, [1QllF =5 Tallr = Q- llr -

Subsequently, we shall delineate certain fundamental definitions and lemmas pertaining to
real probabilistic theory. These can be extended to the realm of quaternions by leveraging the
correspondence between quaternion matrices and their real representations.

Definition 6.1. (sub-gaussian random wvariable, [43]) A random variable X is called a sub-
gaussian random variable if satisfying:

P{|X| >t} <exp(l—ct?)
for all t > 0. And the sub-gaussian norm of X, denoted | X||w,, is defined as:

IX|lw, = sup p~ /2 (B|X )"/
p>=1

Definition 6.2. (sub-exponential random variable, [{3]) A random variable X is called a sub-
exponential random variable if satisfying

P{|X| >t} <exp(l—t/K1)
for all t > 0. And the sub-exponential norm of X, denoted | X ||w,, is defined as:

I X||w, = supp™* (E|X[?)"/7.
p>1

Definition 6.3. (sub-gaussian vector, [43]) A random vector X in R™ is called a sub-gaussian
vector if the one-demensional marginals (X, x) are sub-gaussian random variables for all x € R™.
The sub-gaussian norm of X is defined as:

[Xllw, = sup [[{X,2)]w,-
zesSn—1t
Definition 6.4. (isotropic vector, [{3]) A random vector X € R™ is called isotropic if 2(X) = I.
Equivalently, X is isotropic if

E(X,z)? = ||z||3 for all x € R™.

Definition 6.5. (quaternion sub-gaussian random wvariable (matriz)) A quaternion random
variable T = xy, + T2i+ xyj + 2.k follows quaternion sub-gaussian distribution if Ty, Tz, Ty, T,
are randomly and independently drawn from a real sub-gaussian distribution. If all entries of
the quaternion matrix A are independent and identically distributed to sub-gaussian distribution
with sub-gaussian norm ||A|lw, = K, we call the A is a sub-gaussian matriz with sub-gaussian
norm ||Al|lw, = K.

Definition 6.6. (Quaternion isotropic vectors) Let 2 be a quaternion isotropic vector in Q™
if its real column representation satisfies:

EQ,QF = Iy,
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Lemma 6.1. (/43]) Let X1,..., XN be independent centered sub-exponential random variables,
and let K = max; || X;||w,. Then, for every e > 0, we have:

P S P P SR B
> < 2exp K :

Lemma 6.2. ([43]) Consider a real matriz B that satisfies

N

>,

i=1

|BY B — I|| < max(é,6?)
for some § > 0. Then
1 =0 < smin(B) < $max(B) < 1+4. (37)
Conversely, if B satisfies (37) for some § > 0 then || BT B — I|| < 3max(§, §?).
Lemma 6.3. Let X, Y be two random variables; we have:

P{X+Y >2} <P{X >e}+P{Y >¢}

Proof. Using formula of total probability,

P{lx+y>2}=Ple+y>2ly>clP{y>c}t +P{z+y> 2|y <e}P{y <e}
<Ply>et+P{z+y>2ly<e}
<P{ly >e}+P{r>¢}

Lemma 6.4. Let X, Y be positive random variables; we have:

P{XY >&?} <P{X > e} +P{Y > ¢}

Proof. Consider the random variables X; = In(X), Y7 = In(Y"). Then using Lemma 6.3 gives
P{X;+Y1 >2lne} <P{X; >1Ine} +P{¥1 > Ine}.

O

The deviation bound for extreme singular values of a quaternion sub-Gaussian matrix is
given as follows. The idea of the proof follows from [43, Theorem 39].

Theorem 6.2 (Deviation bound). Let A € QN*"(N > 4n) be a quaternion matriz whose rows
A; are independent sub-Gaussian isotropic random quaternion vectors, Then for every t > 0,

with probability at least 1 — exp (—%’g—f) one has
2V N = 2Cv/n — t < Opin (A) < Omax (A) < 2N + 200 + ¢ (38)

Here Cx and cx only depend on the sub-Gaussian norm K = max; ||A;||lw, of the rows.

Proof. First, from [27], omin(TA) = omin(A) and omax(TA) = max(A). Thus we focus on the
estimation of opmin(TA) and omax(Ta). Applying Lemma 6.2 for B := Yo /v/4N, the conclusion
is equivalent to

1 4n t
||WT;;TA —I||2 < max(4,6%) =:¢ where § = O\/m + Tin (39)
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We can evaluate the operator norm || ;5 T3Ta — I|2 in (40) on a f-net A of the unit sphere
San-1:

1 .., 1
H4NTATA I . < 2max <(WTATA—I)x,x> = 2max mumxng - 1' (40)
Tai
Write Ta as Ta = ¥22 with Ta; € RVX4" 5 = 1,2 3 4; here we call T, the i-th block
3

row of the real counterpart T o. By its structure and that each row of A is independent and
isotropic, each row of T o, is an independent sub-Gaussian isotropic real vector.

Fix any vector z € 54~!, we will upper bound P {| % || Ta;z |2 —§| > §} for each fix i.
The idea comes from the proof of [43, Theorem 39]. First denote

N
| Tase 3= (Yal.2) Z

Jj=1

where TAg represents the j-th row of Ta;. Z; = <TAg,x> are independent sub-Gaussian
random variables with EZ7 = 1 and ||Zj|lg, < K. Thus Z7 — 1 are independent centered
sub-exponential random variables. Using Lemma 6.1 to give:

N

1 € 1 € 1.
P{’NHTAm@—l‘ZQ}:P N;Z?_l z5 < 2exp [—ﬁmln(sas)N}
=2 D 52N] <2 (% + 1)
= Xp _ﬁ S Zexp _ﬁ n y

where ¢y is an absoult constant. By Lemma 6.3,

1 1 €
P{| o I tac 1) > }ZP{\ I Tate la-5|> £}

¢
S 8 exp {—ﬁ(can + t2)j| .
Taking the union bound over all vectors z in the net A/ of cardinality |N] < 9", we obtain:

1
P
{?eaﬁf AN

3 C
—[ITaz]3 - 1‘ > 5} < 9" 8exp [—FZ(O%H?)} < exp <——) :

where the last inequality holds when C' > K? é (In9 + &),

Back to (40), we have:

Clt2

It means that at least with probability 1 — exp (—

e ), we have:

1
1-60< min T max —=T §1+6
=7 (NN A> 7 (NN A>

where § = C' 4N + \/7 n (39). As noted at the beginning of the proof, this completes the
proof of the theorem. O
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Remark 6.1. The right-hand side of inequality (38) still holds when N < 4n. However, the
left-hand side may yield a trivial result.

If A has independent quaternion isotropic columns, the largest singular value can be esti-
mated by using conjugate transposition A*.

Now we prove Theorem 6.1 based on Theorems 4.1 and 6.2.

Proof of theorem 6.1. Recall that Theorem 4.1 gives
IEX = Al < (14 | %4 ol 1 l2) (14 192 ol (21) l12) 122l

where ¥y = ¥Q € Q%5 &), = ¥Q, € Q"% QF = Q*V, € Q¥*F Qf = QVj € Qs*(—F)
with independent isotropic sub-gaussian rows. Some deviation bounds will be given first.

By definition, || W} o= 1/min (2), | 1 2= Omaz (¥1), | 95 [2= Tmas (22) and
I (QI) ll2= Gmin (£21). Thus, by Lemma 6.4 and Theorem 6.2, we have:

2 l 20 1/ — t t2
P{1+||‘I’;|2||‘I’1 fl>1+ Vi+20kyim =5 + }<exp<—CK );

2Vl — 20k \/s —t K4
2\/§+2CKs/n—k+t}<e ( cKt2)
X — .

o5 —2Ckvk—t J P\ K?

IP{1+ |2 9 o> 1+

Again by Lemma 6.4,

2\/l+2CK\/m—S+t> (1+2\/§+20Ks/n—k+t> Sl }
2lla

P{IHX — A, > |1+
{” | < 21— 2CKk+/5 —t 2y/5s — 2CxVE — t

7 Numerical Experiments

In this section, we test the practical algorithm by following examples. All the experiments
are carried out in MATLAB 2021a on a personal computer with an Intel(R) CPU i7-12700 of
2.10 GHz and 32GB of RAM. All example use the one-pass randomized quaternion low-rank
approximation algorithm with pseduo-QR and pseudo-SVD.

For Algorithm 4, the approximation error and relative error are defined as :

IA—A|r

relative error =
| Allr

7.1 Synthetic data

This subsection will be provided in the next version.
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Figure 4: Singular values of microConvection

7.2 Image compression

This subsection will be provided in the next version.

7.3 Scientific data

Example 7.1. In this example, we test the compression of the output of a computational fluid
dynamics simulation by quaternion low-rank approximation. We have obtained a numerical
simulation on a mesh of the 3D Navier—Stokes equations for microscopic natural convection for
biological research applications. Velocity and pressure field are computed by QuickerSim CFD
Toolbox for MATLAB. Then shear rate on each node can be computed by velocity field.

The origin data contains 20914 nodes and 2000 time instants. The elements of quaternion
matrices microConvection represent the space velocity field by:

apt = Ve (P, )i+ vy (p, 1)j + vz (p, 1)k (42)

where v = (Ug, vy, v;) is velocity vector field on the M x R, p € M is discrete point on vessel
surface. Original data has rapidly decay spectrum as shown in figure 4.

Figure 5 show that our algorithm work efficiently and obtain high accuracy when origin data
have rapidly decay spectrum. In particular, if we set k = 60, the relative Frobenius error is
under 10~ while the compression cost less than 2 second. It means that our algorithm can
complete compression process before next input, which allows us compress on-the-fly large-scale
quaternion output of scientific simulations.

Figure 6 illustrates that our compression can highly approximate the origin velocity field
and compute the shear rates closely match the real data even if algorithm compress the original
data from 256.81MB to 26.28MB.

Example 7.2. In this section, we will compress the output of a 4D Lorenz-type chaotic sys-
tem simulation by our randomized quaternion low-rank approrimation algorithms. The chaotic
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Figure 5: Relative Errors and Running Time of CFD simulation with different target rank k

system s as follows:

dr __
E_a(y_'r)_ewv
dy _

9t = xz — hy,

dz __

G =b—wy—cz,
dw

&= ky — dw,

where x, y, z and w are state variables and a, b, ¢, d, e, h are positive parameters of system.
In our simulation, we set a =5, b=20,c=1,d=0.1, k =0.1, e = 20.6, h = 1. And we
set 10000 initial state (x,y,z,w) randomly from sphere || (z,y,z,w) |l2= 20. Choosing 2000
time instance, we can obtain a 10000 x 2000 quaternion matrixz which record the information of
solutions. The quaternion matrix has slower spectrum decay shown in figure 7.

Figure 8 show that larger sketch size is necessary to obtain a high accuracy when input data
have low spectrum decay. One-pass algorithms using pseudo-QR and pseduo-SVD have similar
accuracy with the same sketch size. However, pseduo-QR may cost less time with larger sketch
size.

8 Conclusions

Existing quaternion rangefinders, which are based on quaternion orthogonalization, may be in-
efficient for large-scale problems. Based on the strategy of trading accuracy or space for speed,
this work presented two practical rangefinders, which may not be orthonormal but still well-
conditioned. The proposed rangefinders were then incorporated into the the one-pass algorithm
proposed by Tropp et al. [41] for low-rank approximation to quaternion matrices. Throughout
the whole algorithm, heavy quaternion computations has been transformed to QR, SVD, and
solving linear equations in the complex arithmetic, such that mature scientific computing li-
braries or advanced algorithms can be employed to accelerate the computations. Theoretically,
the probabilistic error bound was established; in particular, it was shown that the condition
number of the rangefinder is proportional to the error, giving validity of using a non-orthonormal
yet well-conditioned rangefinder. In addition, we established a deviation bound for the extreme
singular values of a quaternion sub-Gaussian matrix, giving theoretical support of using a sub-
Gaussian test matrix. Numerical experiments demonstrate that our algorithms work efficiently
with less storage costs. Finally, we tested two practical numerical examples, including image
dimensionality reduction and compression of large-scale scientific simulation data, to verify the
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effectiveness of the algorithm.
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Proof of Theorem 3.3. Let H=UXV™ be a compact QSVD of H where ¥ = diag(o1,...,0s) with o;
arranged in a decreasing order. Denote

f@)=0—-ez+ex '

Then (6) shows that Hyew has singular values f(o;) = (1 —€)o; + eo; ', i=1,..., s. We first consider
the upper bound of f on [os,1] and [1, 01], respectively.
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For any € and z € [1,01],
f@)=(0-ez+e ' <(1—ez+ex <z,
meaning that f(z) < o1 on [1,01].

Next, we consider z € [0s, 1]. Observe that f(z) is convex when z > 0, which achieves the maximal
value on the boundary. It follows from ¢ > o, that f(os) > (1 — €)os + o505, > 1 = f(1), ie., fis
upper bounded by f(os) = (1 — €) 0s + €/0s on [os,1]. Furthermore, as o5 < 1 and € < dos,

f@) < (=€ os+efos < (1 —060s)0s+80s/0s =8 + 05 — do2 < 5+ 1/(45).
The analysis above together with ¢; < v/2 in Theorem 3.2 shows that the largest singular value of
H,.., cannot exceed max{\/§7 d+1/(46)}.

On the other hand, it follows from the convexity of f(x) that when = > 0, f(z) > 24/€(1 —€). The
range of € implies 21/€(1 — €) > 21/0,(1 — 05). Thus f(z) > 24/0s(1 — 0s).

We also need a lower bound on o,. When x(H) > max{2v/26,26>+1/2} = 26 max{v/2,5+1/(46)} >
2001, we obtain that os < 1/ (24).

Comparing the two upper bounds on f obtained previously, if o1 > § + 1/(46),

g1

H(Hnew) < —
2/0s (1 —0s)

; (43)

then

K(Hpew) Vou
i < o < Vo /V2 < \/max{\/ims—&- 1/(40)}/V2 <1, (44)

where the second inequality follows from o, < 1/(2§) < 1/2, and the last one comes from the range of
4. Similarly, if o1 < 6 4+ 1/(49),

0+
H(Hnew) S 9 o, (1 — O’S)’ (45)
then
FHnew) _ 5+1/(46)  _ 0+1/(49) 1, (46)

R(H) ~ 2y/o1(1—0.)  2/1-1/(20)

where the second inequality follows from o1 > 1 and o < 1/(26), while the last one comes from that
SH1/(49)_ 5 non-decreasing on [1,v/7/2]. The result follows.

2,/1-1/(26)
O

Proof of Corollary 3.1. Using the analysis in Theorem 3.3, one can use the induction method to show
that if all the singular values o;(Hy) lies in [2\/0'3 (Hi—1)(1 — 0s(Hi_1)), max{+/2,6 + 1/(4(5)}}7 then
all o;(He1) also lie in [2/0s (Hi) (1 — 05(Hy)), max{v/2, 5 +1/(46)}]. Similar to the proof of Theorem
3.3, K(Hk+1) < \/K(Hk). |

Proof of Proposition 3.1. We first use the induction method to show that span(Ug,Jﬁg) = 2t. For
t = 1, this claim is true as u1 1 Ju1. Suppose now that we have found Uy := [Ui17« .. 7uik] el (k<t)
such that span(Uk7jU_k) has dimension 2k. Note that U, is partially orthonormal and span(Us) has
dimension 2¢ > 2k, and so there always exists at least a u;,, € Up \ U, such that

Uipy, & span(Ug, JUy). (47)

We first show that (47) is equivalent to Jui,,, ¢ span(Ukx, JUx). Suppose on the contrary that
Ty, € span(Us, JUy), which by Lemma 2.1 is equivalent to

Uiy, = J T, € span(J Uy, T IT0) & Uiy y € span(JUg, U),
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deducing a contradiction.

Next, we will prove that span(Uy, J Uk, Wiy, 1, JUiy,,) has dimension 2(k + 1). Denote M :=
[U;ijkL Py o= MMT7 and Py = Iy — MM?' the orthogonal projection onto span(M) and
spa,n(M)J‘7 respectively. Then w;,_, can be divided into two part:

Pyiuiy, Lspan(M) and Paui,,, € span(M). (48)
Correspondingly, J Ui, , can be divided into Py,;1 J Uipyy and Py J Wiy s where we also notice that
TPy iy = Ty — T PuTigy = JWipy — PuJ Ui, = Py Ty
with the second equality from Lemma 2.3.
By Lemma 2.1, Py,1 Wiy 1 va and due to the above relation, Jm 1 M. Thus,
span(M, Py iy, Payo T y) = span(M, Py, J Pryowiy )
has dimension 2(k + 1). Therefore,

span(Uk, T Uk, Wiy T Wi )
=span(M, Py iy, + Paiyy, PuJ U + Py Tt )

also has dimension 2(k+1). Thus the induction method shows that there exists U = [ui,, . . ., ui,| € Us,
such that span(Uj;, JU;) has dimension 2¢.

It is obvious that R(Uz) C R(Us). Furthermore, for any u in U; corresponding to singular value o
of Xy, Ju is also corresponding to 0. which means that R(JU;) C R(Us). Recall that R(Us) also has
dimension 2t; thus R(U;, JU;) = R(Us). |

32



	1 Introduction
	1.1 Background
	1.2 Quaternion rangefinders
	1.3 Limitation and motivation
	1.4 This work

	2 Preliminaries on Quaternions
	2.1 Quaternion vector space
	2.2 Complex representation

	3 Practical Quaternion Rangefinders
	3.1 Pseudo-QR
	3.2 Pseudo-SVD
	3.3 Comparsions

	4 One-Pass Algorithm
	4.1 The algorithm
	4.2 Deterministic error
	4.3 Selection of test matrices

	5 Guassian Test Matrices
	6 Sub-Guassian Test Matrices
	7 Numerical Experiments
	7.1 Synthetic data
	7.2 Image compression
	7.3 Scientific data

	8 Conclusions

