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Chapter 1

Introduction

1.1 Research motivation

It is well-known that matrices are an important tool in many fields, especially
in applied mathematics, data science, statistics, engineering, and economics; see e.g.
[1, 2, 3, 4, 5]. Particularly, an interesting topic is matrix calculus which consists of
studying matrix operations and matrix derivatives. Matrix calculus provides a convenient
way to deal with multivariable calculus over spaces of matrices or vectors. Matrix
derivatives are a crucial part of machine learning, particularly deep neural networks,
which are trained by optimizing a loss function. Recall that the activation of a sole
unit in an artificial neural-network (ANN) is usually evaluated using the usual matrix
multiplication between a weight vector w and an input vector = with an additional

term called bias b which can be written formally as shown below
z(x) = Zwﬂ:, +b = wz +b,

where z-is called an activation function; see e.g.” [6, 7]. In fact, ANN is made up
from many of these units, assembled into collections of neurons. In order to fit this
architecture, the training process is needed. Training ANN means choosing suitable
weights w_and bias b so that we get the desired output for all inputs z. To complete
this step, we minimize a loss function which is the error between the activation function
and the actual output. Obviously, all of those require the partial derivative of the loss
function with respect to the parameters w and b.

As mentioned earlier, most of works applied matrix calculus based on the usual
matrix multiplication which is the most familiar matrix operation. More precisely, many
authors had derived several exact formulas for the derivatives of matrix/vector/scalar-
valued functions with respect to matrix/vector/scalar as variables involving the usual
matrix multiplication. Moreover, they also derived the product rule, chain rule and
etc involving the usual matrix multiplication as well. In fact, the notation of usual
matrix multiplication was generalized to the semi-tensor product. Recall that the
multiplication of two matrices A € R™*" and B € R"™*¢ is well-defined if n = r. The
semi-tensor product (STP) of two matrices A and B of arbitrary dimensions is defined
to be the usual product between the tensor product of each factor with the identity
matrix of appropriate size. Indeed, for matrices A € R™*" and B € R"*¢ of arbitrary
dimensions, D. Cheng [8] defined their semi-tensor product (STP) by

AxB = (A®I2)(B®Ta) € R XY, (1.1.1)



where « is the least common multiple of n and r. Here, the operation @ is the Kronecker
product. It turns out that the STP posseses rich algebraic properties like the usual matrix
product, such as the associativity, the left/right distribution over the matrix addition,
and certain identity-like properties. Furthermore, the STP is compatible with the scalar
multiplication, the transposition, and the inversion; see e.g. [8, 9, 10, 11, 12]. The
semi-tensor product provides a convenient way to convert higher-dimensional data or
a multilinear function to a simple expression of matrices/vectors. For example, logical
operations, fuzzy operations and Boolean operations can be represented in terms of
the STP between certain representing matrix and a data vector. Thus, the STP is a
useful tool in several areas of pure mathematics, such as classical and fuzzy logic; see
e.g. [13, 14], multi-variable polynomials [8], lattice theory [8], finite-dimensional algebra
[8], and connections in differential geometry [8].

From the above discussion, the STP is one of the powerful matrix operations. It
is reasonable to generalize the formulas for the matrix derivatives. Instead of focusing
on the usual matrix multiplication, it is worthy studying the matrix calculus involving
the STP including matrix derivative, product rule and chain rule.

This thesis is arranged as follows. In Chapter 2, the symbolic notation and some
useful definitions involving matrix algebra are given. In Chapter 3 and 4, the exact
formulas for -matrix derivatives, product rule and chain rule involving STP are given.

Finally, Chapter 5 provides a brief conclusion.

1.2 Research Objectives

1) To derive exact formulas for the derivatives of matrix-valued functions with vector

variables involving semi-tensor products.

2) To investigate the product rules of matrix-valued functions with vector variables

involving semi-tensor products.

1.3 Scope
1) Let A e R™*™. We investigate the following derivatives:

(A,
(& w 4),
%(*’ X A X F),
8%(*’ X A X T),
a%*(J X A X ),

wherei# and ij-are vector variables,



2) Let A e R™*". We investigate the following derivatives:

0 .
872(14. X .’IJ),
o,

(9727( X A)7

0

9 ¥ Ax 7

82’< X A X T),

o0

9 i A

82’< x A X ),

where ¥ and i are vector functions of a vector variable Z.

3) Let A(z) and B(x) be matrix-valued functions of a vector variable z. We investigate

the following derivatives:

37 (A@) < B(&).

its special cases, and consequences.

1.4 Benefits

To obtain exact formulas for the derivatives of certain matrix-valued functions
with vector variables involving semi-tensor products. Such derivative formulas can be

applied in certain optimization problems in neuron networks.

1.5 ' Research Methodology

1) Study basic concepts in linear algebra and matrix theory.

2) Study matrix calculus, especially the derivatives of matrix-valued functions with

vector variables involving the usual matrix multiplication.
3) Study semi-tensor products of matrices from research/survey papers and textbooks.

4) Prove exact formulas for the derivatives of matrix-valued functions with vector

variables involving semi-tensor products.

5) Prove exact formulas for the product rules of matrix-valued functions with vector

variables involving semi-tensor products.

6) Conclude the whole work. Write a research paper. Write the thesis.



Table 1.1: The research schedule

Activity

Time frame

2022

2023

2024

Aug.-Sep. | Oct.-Dec.

Jan.-Mar.

Aprl.-Jun.

Jun.-Sep.

Oct.-Dec.

Jan.-Mar.

Aprl.-May.

Jun.-Oct.

Step 1

—

Step 2

Step 3

Step 4

Step 5

Step 6




Chapter 2
Preliminaries

In this chapter, we introduce symbolic notation involving matrix algebra. The
basic knowledge, elementary backgrounds and essential definitions are discussed here.

These preparation will be applied throughout this thesis.

2.1  Vectorization

Througout, denote the transpose of a-matrix A by A’. Each Each A = [a;;] €

R™*" can be written in three ways as follows:

ayyp a2 - Qg y ) l - 01 —
-
a21 Q22 -+ G2n — = a9, —
A = i X i ) = Ay () /= Asn = ) R
_’l
Am1 Am2 N Amn —_— am* R ——

where @,; is the j-th column of 4 and @;, is the i-th row of A. The operator
Vec : R™*" — R™*1 maps each A € R™X% to an mn x 1 .column vector given below

The Vec operator converts an m x n matrix A into an-mn x 1 column vector by stacking
those columns of 4 one underneath another. In addition, the operator

Devec : R™*™ s R*mn - s defined as a 1 x mn row vector given as follows
Devec(A) = [51* A Y5 ] ,

The Devec operator transforms m xn matrix 4 into 1 x mn row vector by stacking those
rows of A alongside each other. Obviously, these two operators are closely connected.

We can see that
Vec(A) = Devec(4’)
and

Vec(A") = Devec(A)'.



2.2 Kronecker Product

Definition 2.1. Let A be an m x n matrix and let B be a p x ¢ matrix. The Kronecker
product or the tensor product, denoted by ®, is an operation on two arbitrary matrices

resulting as an mp x ng matrix given by

anB  ai2B - a,B
anB  apB -+ a,B
A®B = . .
a'mlB amQB o amnB
2 3
Example 2.2. Let A= |4 5| € R3*? andB:[_1 Q}ERMQ. Then
1 2
[ [—1 2} 3[—1 2}
4B, 544\ 25 [l 2
06\ SF 2N
-2 4 =3 6
=/|-478 5 10| e R¥™
-1 2 -2 4

The following properties involving Kronecker product are well-known as shown

in the following.

Theorem 2.3. [15]. Let A e R™**, B € RP*9 and C € R™*¢. Then
ANBRCY = (A®B)®C = A®B®C: (2.2.1)
Theorem 2.4. [15]. Let A € R™*", B e RP*9 and C € RP*4. Then
1. A® (B+C) ="(A®8) +(Ag 0,
2. (B+C)® A = (B® A) + (C®A).

Theorem 2.5. [15]. Let A € R™*", B € RP*4 C € R"™* and D € R™*" such that ng = rm.
Then

(A® B)(C® D) = (AC)® (BD).
Theorem 2.6. [15]. Let A € R™*™ and B € R"*". Then
(AeB)™' = A'@ B~
Theorem 2.7. [15]. Let A € R™*" and B € RP*4. Then

(A B) = A @B



Furthermore , the connection between the Vec, Devec (Section 2.1) and Kronecker
product are demonstrated in the following lemma.

Lemma 2.8. [15]. Let A ¢ R™*", B ¢ R™*" and C € R™*4. Then
1. Vec(A) = (I, ® A) = (A’ & I,,)Vec(1,,),
2. Devec(I,)(A' ® I,) = Devec(l,)(I, @ A),

3. Vec(ABC) = (C'® A)VecB.

2.3 Tracy-Singh product

Definition 2.9. Let A = [a;;]Je R™*™ and B = [b;;] € RP*? be partitioned with block
submatrices A;; and By, of order m; x n; and pj, x ¢, respectively. Then the Tracy-Singh
product of A and B, denote by AX B, is defined as follows

AR B = {[Aij ® Bkl]kl] e RmPXT,
ij

1|2
Example 2.10. Let A= e R?*2.and B = { 1 0 ‘ 0 1 } e R4 where

314
1
A =
3

AX B

7A12 oy

j , Bi1 = {1 0} and By = [0 1}.Then

41 BB Ayw 5]

= {An @B A @By A1p®@Bi1 A ® B12}

e [l ot

_|rojortiz o 02 Lo
3 003400 4

2.4  Zero-one Matrices

A matrix whose elements are all either one or zero is so-called a zero-one
matrix. A simple zero-one matrix that is frequently used is the n x n identity matrix, I,,,
which has the beautiful property such that for any matrix A € R™*", Al,, = A.

However, There are several types of zero-one matrices appearing in many researches.
These matrices are crucial in our work, especially, the one which is called the commutation
matrix. Let e be the i-th column of the n x n identity matrix I,,. The commutation

matrix is compactly expressed as follows
I, ® e’l"/

K, o In®€5n — |7 n n n Rnmxmn (241)
mn = . = Ip®el Ln@ey ... Lp®er| € . 4.

1)

1, ®e

m



The commutation matrix K,,, has the property that

K, Vec(A) = Vec(A').

1 2
Example 2.11. Let A= |3 4| € R**2. From(2.4.1), we can compute
5 6
1 0 r 10 0 0 0O
®1 0 0
/ 0 1 - 00 01 0 O0
L®e} -
= 1 0 r 01 0 0 0 O
K= |L®e | = ®10 1 0|| =
/ 0 1 - 0000 1 0
I ®e3 s
gl () r 001 0 0 O
@0 0 1
0 1 - - 00 0 0 0 1
L.L A _ L 4 6x%6
Alternatively
1 0 0 10 0
1 0
K32:{I3®e§ 13®e§]: 0.1.0|® ! 0 10| ® \
0 0 1 0 0 1
10 0 0 O 0W
00 0 1 0 O
(LR 0\\P 0 [0,
B XINGMN\NON I O
00 1 0 0 0
00 00 01
L 4 6x6
We can see that
10 0 0 0.0 1
00 0 1 00 2
01 00 0 O 3
Kso VeC(A) = [1 3\> " 2477 6] =
OL [0y 10~ O 14 O 4
[y S A A8 )
00 0 0 01 6
= Vec(4').
Moreover, we can define
Kf,yn:[fn®e;n’ I,@er ... 1,1@@2'}611%”“’”2 (2.4.2)
and
I, ®e}
1, ® ey
Koo=| " ermntm, (2.4.3)

I, ®e}



The explicit expression of K'» and K= are illustrated in the following example.

Example 2.12.

K3 = [12®ef{' L®ed Iz®e§;]
_ ”(1) ?]@[1 0 o [(1) ?]@[0 1 o] [(1) ?]@[0 0 1}]

Example 2.13.

1 00 M
1
01 0|®
0
| Bed 0.0 1| LA
K32: . = = =
I ® el e
0 1 0|®
1
0g~0p =

Lemma 2.14. [16]. From the above notation,

1. if n =1, then K7»

mmn

= 3 K;:;l — DeVeC(I771)7

2. f m=1, then K{% =1,.

2.5 Semi-tensor Product

Definition 2.15. Let A be an m xn matrix, and let B be a p x ¢ matrix. The general left

semi-tensor product of A and B denoted by A x.B, is defined as follows
AxB = (A@la)(Bals),
which is of dimension 2 x 24 where o = lcm(n, p).
Remark 2.16.

1. If n|p, i.e., nt = p, t € N, then the general left semi-tensor product becomes the
left semi-tensor product, that is,

Ax B = (A® L)B.
On the other hand, if p|n, i.e., pt = n, t € N, then

AxB = AB®I).

2. If n = p, then the general left semi-tensor product becomes the usual matrix

multiplication, i.e.,

Ax B = AB.
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1

3
] e R?*2 and B = |3| € R?*2,
-1 0

Example 2.17. Let 4 =

2
Then a = lcm(2,3) = 6. Thus,

Ax B

(A®Ig)(B®I§)

(A® I3)(B ® I2)

1
2 3

= ® 10
-1 0

0

S N\O TN O
(=gl e= TR as A\ Ne- i o RNV |
.. oo o w o

= RGXZ

The general left semi-tensor product has the following important properties
as shown in the next theorem.

Theorem 2.18. [10]. Let A, B and C be matrices of such size that can form matrix

product, and let o, 8€ R. Then

1. Ax (Bx(C) = (AxB)xC,

2. (kA4 BB)x C = a(Ax B)+ B(Bx (),

(SN

. Cx (@A+BB) = a(Cx A)+ B(C x B),
4. (AxB) = B x A,

5. AxB)™! = Bl x AL
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2.6  Matrix Derivatives

’

Definition 2.19. Let y be a scalar function of elements of an nx1 vector # = [z; z2 -+ @] .
The derivative of y with respect to 7 is an n x 1 vector given by

F oy T
ox
ay
9y _ Oxa
Jdy
LOx,, ]

Definition 2.20. Let 7 = [y1 y2 --= wm] . be an m x 1 vector whose elements are
differentiable functions of a scalar z. The derivative of ¢ with respect to x is a 1 x m

vector defined by

OF |0y 0yz - Oym
oz ox Oz oz
Definition 2.21. Let ¥ = 11 y2 -+~ ). be an m x 1 vector whose elements are

differentiable functions of elements of an n x 1 vector # = [z, x5 - x,] . The derivative

of ¢ with respect to # is defined as an n x m matrix as follows

8I1 61‘1 81'1 ox
vl Ot ¢ B0 oym) AL | a5
99 _ | 8z, | 0x3 dus | L[y, 0%\ . ¢ O |2 D2
Ay iyg_ OYm 1 | ] oy
Loz, Oz, Oxy, | L Oxy, ]

Definition 2.22. Let

aii ai2 A1n t I [ —_—A gy,
‘»/

a1 a22 a2n — Qg  —
A= X = |Ax1 Ax2 - Qsem, | = .
_,/

am1 Am?2 v Omnp _ am* _

be an m x n matrix whose element are differentiable functions of element of an p x 1
vector # =[xy xy --- x,] , where @,; is the j-th column of A and @;, is the i-th row of A.

The derivative of A with respect to 7 is defined as a p x mn matrix as follows

[ oVec(A) i
8‘%1
oVec(A)
% — M — 81‘2
or oz N : '
oVec(A)
L Oxyy J

Lemma 2.23. [16, Ch. 4]. Let # be an n x 1 matrix and let A be a matrix of constants.
Then
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1. iAa? = A , forA,mxmn,
or
g
2. —#A = A , for A nxp,
or
9 4= "
3, —FAT = (A+A)F , for A,nxn.
or
Theorem 2.24. [16, Ch. 4]. lLet @ = [# z2 -+ z,) be a p x 1 vector. Let § =
[Y1(Z) y2(T) - y(@)) and Z = [21(y) 22(y) -+ z ()] be ¢ x 1 and r x 1 real-valued

vector functions of variables # and 7, respectively. Then the chain rule is given by
0z _ 0y 0z
0 07 0y
Theorem 2.25. [16, Ch. 4]. Let A and B be m x n-and n x r matrices, respectively.

’

Assume that elements of both 4 and B are scalar functions of a vector # = [z1 z2 -+ x)

€ Rr. The product rule of 4 and B is given by

J(A-B) ~ 0VecA dVecB
9z G- os, T e Saz |

(Ire A).

Lemma 2.26. [16, Ch. 4]. Let ¥ =[xy z3 :-- x|/ € RP. Then
0 0

L. 55»(569[”) ra a—J?Vec(f@In) = Ko eRven’,
2. ;(Lﬂ@f) =Dehica Ll N, T € RpP

X

o, /
3 (7 ®I,) = I, ®Devec(l,) & Rp>r",

" o7



Chapter 3

Derivatives of matrix-valued functions with vector

variables involving semi-tensor products

3.1 Derivatives of matrix-valued functions with vector variables

We derive exact formulas of the derivatives of certain matrix-valued functions

involving STPs in a vector variable.

Theorem 3.1. Let 4 € R™*" be a constant matrix, and let # be a p x 1 vector variable.
Then

0 N ;) ’
S Axd) = K lle oA @ 1a), (3.1.1)
(%(f’ X A) = [[,® Devec(Ig)](A ® IS%), (3.1.2)

where a = lcm(n,p)-and 8 = lcm(p,m).
Proof. From Eqg. (1.1.1), we have
AT = (AR I2)(T 8 1a).

It follows from the product rule in Theorem 2.25 that

6, . 4 (9 S

a—f(AD(.’E)— ég,[(A@I%)(Z’@I%)]
b 8(A®I(1/77,) - a(f®la/p) ,
= S [(L@I%)®I%]+ T el [I% ® (A (X)I%)}
_ 6(5®L¥/P) /
R N [I%(X)(A ®I%)].

Now, Lemma 2.26 implies that

9 7
o7 And) = K& [Is @(A' © La)].

We compute the following derivative according to Theorem 2.25:

9 _ 0
7@ xA)==[(F@1s)(A® 1)
_ 9@ ® 1)
=~ e Aelpehlt T
0@ @ Igp)
- TKA@I%)@Ig}
B o' @ Ig/)

AR 0]
o0F [®%]

Now, Lemma 2.26 implies that

(%(f’ x A) = [[,® Devec(Ig)](AQ; 15%).
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Corollary 3.2.

1. If p=nt for some t € N, then Eq. (3.1.1) becomes

%(A X f) = A/®It.

2. If n = pt for some t € N, then Eq. (3.1.1) becomes

8 B . )
S(AKE) = K[ (1o A).
3. If m = pt for some t € N, then Eq. (3.1.2) becomes

0

875(5/ x-A) = {I,®Devec(I)|(A® I).

4. If p=mt for somet € N, then Eq. (3.1.2) becomes

%(f/ X A) = A®It

Proof. For the case p = nt, we have a = lcm(n,p) = p. By substituting a = p in (3.1.1)

and applying Lemma 2.14, we obtain

0 5 A
A ) = K Le (A’ @ Ip)]
= Ip [A/®It]

ENCNTF N
For the case n =pt, we have a = lcm(n,p) = n and thus

a — 7’:
é‘i‘,(A X IE) = Kt.;) (It X AI)

Similarly, the remaining results can be done in the same manner by substituting g =

lcm(p, m). []

Theorem 3.3. Let 4 € R™*" be a constant matrix, and let # = #() be a p x 1 vector

function of an r x 1 vector z. Then

0 ey N ,

AT =K s @ (4 9 12)) (3.1.3)
0 (s ) 0%
8—5(95 (2) x A) = 57 [I, ® Devec(Is)] (A® Ig%)’ (3.1.4)

where a = lcm(n, p) and B = lcm(p, m).

Proof. The results follow directly by applying Theorem 2.24 to (3.1.1) and (3.1.2) in
Theorem 3.1. []

Corollary 3.4.

1. If p=nt for some ¢ € N, then Eq. (3.1.3) becomes

) ise only, gt a
S2(AxE(3) = = (A @),
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2. If n = pt for some t € N, then Eqg. (3.1.3) becomes

) 0T
A EE) = K (Lo A).

3. If p=nt for some t € N, then Eq. (3.1.4) becomes

0

o
77

F(Z)x A) = P [I, ® Devec(I})] (A® I}).

4. If n = pt for some t € N, then Eq. (3.1.4) becomes

o . oz
(@@ xA) = (A l).
Proof. The results can be done in the same manner as those in Corollary 3.2. []

Theorem 3.5. Let A e R™*™ be a constant matrix. Let @ and ¢ be two independent

vector variables of dimension p x 1 and ¢ x 1, respectively. Then

8 T / =
5%(@7%,4%5) = K7 1o ® (4 % §)® Iom)], (3.1.5)

where a = lcm(g, m) and 8 = lcm(na/m, p).

Proof. Let M =5 x A= (] @1a)(A® [=). Then

(7 xA) KT = [(7® 1) (AL KT

= (M4 im)(ZQ1p)
na P

By taking derivative with respect to # and applying Theorem 2.25, it follows that

0 —y N a(M®IBm/na) L ¢ 8(f®[ﬂ/p) y
%(y X A X Z) = TKIE@I%)@I%}—FTU%(&(M ®I%)}
T ®1g)p)
= 222 @M@ T
o s SO e i)l
= sz T2@. (M ® Ian )}

Corollary 3.6.

1. If a pair (m, q) is relatively prime, and p = t(na/m) for some ¢ € N, then Eq. (3.1.5)

becomes

0
%(gj’xfle) = (A x9)@I.

2. If a pair (m,q) is relatively prime, and na/m = pt for some t € N, then Eq. (3.1.5)

becomes

o .
— ([ x Ax ) = K" -

P [I; ® (A" x 7))
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3. If m = qt for some t € N, and a pair (na/m,p) is relatively prime, then Eq. (3.1.5)
becomes

0 — — 7. /
W xAxT) = K- [l @ [A(y @ k)] ® L]

4. If ¢ = mt for some t € N, and a pair (na/m,p) is relatively prime, then Eq. (3.1.5)
becomes
0 —y . Tp /
%(y X AxT) = Knt,p ne @ (A" ® 1)) @ 1]
5. If m = qt and p = s(na/m) for some t,s € N, then Eq. (3.1.5) becomes

0 ey o — /
5 GAxg).= [A Y8 )] ® .

6. If m = qt and na/m = ps for some t, s €N, then Eq. (3.1.5) becomes

0

SR X AXT) = K (Lo Ay @ W]

7. If g=mt and p = s(na/m) for some t,s € N, then Eq. (3.1.5) becomes

0
(K Axa) < (e ngel,

8. If ¢ = mt and na/m = ps for some t,s € N, then Eq. (3.1.5) becomes

9 LLih )
(I AR E) = KDL S (A 8 1)7l)

Proof. The condition that the pair (m,q) is relatively prime means that a = mq. The

condition that the pair (na/m,p) is relatively prime means that 8 = nap/m. Now, the
results follow from Eq. (3.1.5). []

Theorem 3.7. Let A ¢ R™*™ be a constant matrix and let ¥ and g be px 1 and ¢ x 1

vector functions, respectively. Then

8%@* KA x) = (I, ® Devec(T))(A'X B) ST s, ), (3.1.6)

maq

where a = lcm(n, p) and 3 =lem(q, ma/n).
Proof. Let N=Ax 7= (A®I2)(T®I=). Then

g’b((AD(f) = :JIN[(A(@I%)(J?@I%)]

= (ol

Q[

)(N®I%).

By taking derivative with respect to ¢ and applying Theorem 2.25, we get

. L O @) N & Lon/mo) i
@(y X Ax i) = T[(N®[%)®I§]+a—g[I%®(y®1'§)]
oy &1
_ (?J(izjliﬂz)[(N@Im)@Iﬁ]

NG @15/q)
SR Ve I |
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Finally, Lemma 2.26 implies that

)
g X AxE) = (I, ® Devec(Is))(N ® . ).

Corollary 3.8.

1. If a pair (n,p) is relatively prime, and ma/n = qt for some t € N, then Eq. (3.1.6)

becomes

a%(g' x Ax T) = [I, ®Devec(l,)] (A x &) ® ).

2. If a pair (n,p) is relatively prime, and ¢ = t(ma/n) for some t € N, then Eq. (3.1.6)

ay—a y X t.

3. If p = nt for some ¢ € N, and a pair (¢, ma/n) is relatively prime, then Eq. (3.1.6)

becomes

%(g/ X A X .’f) = {Iq ® DeVeC(Imt)][(A & It)f® Iqmt]‘

4. If n = pt for some ¢ € N, and a pair (¢,ma/n) is relatively prime, then Eq. (3.1.6)

becomes

g—y;(g’ X AxE) = [L; ® Devec(l,)] [AZE® L) ® Iyn].

5. If p=mnt and (ma/n) = gs for some ¢, s € N, then Eq. (3.1.6) becomes

%(g’ x A x@) = [, ®Devec(l)] (AI)ZI® Iy).

6. If p=nt and ¢ = s(ma/n) for some t,s € N, then Eq. (3.1.6) becomes

15}
T xARE) = (A LT L),

7. If n = pt and ma/n = ¢s for some t,s € N, then Eq.(3.1.6) becomes

8%(37 x Ax Z) = [I, ® Devec(ly)] (A® I,)Z ® Ij).

8. If n = pt and ¢ = s(ma/n) for some t,s € N, then Eq. (3.1.6) becomes

%(37’ X AxT) = AFQ L) ® I.

Proof. The condition that the pair (n, p) is relatively prime means a = np. The condition

that the pair (¢,ma/n) is relatively prime means 8 = gma/n. Now, the results follow
from Eq. (3.1.6). []
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Theorem 3.9. Let 4 € R™*" be a constant matrix, and let # be a p x 1 vector variable.
Then

%(f’ X A x F) = [I, ® Devec(Is)] [(A® 1%)@@ Iia )] + Kl [LeA @), (3.17)

where a = lcm(p,m) and na/m = pt for some t € N. Particularly, if p = m = n, then Eq.
(3.1.7) becomes the item 3) in Lemma 2.23.

Proof. Since A’ x & = (A’ ® [=)(7 ® I=), it follows that
@ xA)xi = [Fel2)(A®12)] (T L).

By taking derivative with respect to # and applying Theorem 2.25, we get

0 = -\ a[(iﬂ®I(y/p)(A®Ia/’m,)] —
%(x X AKX T) = ¥ (T®1)® ]
(T ® 1
+—(x£—t) Iy @(A" ® L) (T @ 1s)]
AT ® Inyp)
S5 A2 1d) 8L
VAR Iy m 3 .
P MBI o @ ol )i@e )
or N p P
(T ® I =
‘l‘Lafkt) [It®(A/l><{L)]

Now, Lemma 2.26 implies that

9 7 L
a*f(a?’ x A x &) =[I, ® Devec(la)] [(A® Laz/mp) (B liasp)] + Ky} - L& (A" x Z)].

For the special case p =m = n, we have a = p and t = 1. Thus, we obtain

) p
5= (@ AB) = (I @ Devec )L I(A® La) @R 1|4 Ko -1h © (4 ® )@@ T3]
—ILAT +IGA'E

= (A+A)7.
N

Theorem 3.10. Let 4 € R™*™ be a constant matrix, and let ¥ = #(2) be a p x 1 vector

function of an r x 1 vector z. Then

0 oz

a—z(f’(z*) x A x Z(2)) = 37 [T, © Devec(ls)] [(A®@ a2 )(F® I )]
0%+ S
+ 55 K- [L @ (A x T)]

where a = lcm(p, m) and na/m = pt for some t € N.
Proof. By applying Theorem 2.24 on the formula (3.1.7), we can get the result. []

The results in this section generalize the classical results (e.g. [16, Ch. 4]) in the
literature; particularly Lemma'2.23.
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3.2 Neural networks applications

In a neural network, suppose we have an n-component input vector # € R". In
order to train a neuron, we choose a weight vector @ € R™ with the same component
number as that for the input vector. We also need a scalar bias b € R. Then, the

activation of a single computation unit in a neuron is typically calculated as
F() = Y wi;+b = &'7+b.
i=1

The function F is known as the unit’s affine function. To train this neuron, we choose
weights @ and the bias b that minimize an associated loss function. To minimize the
loss function, we use matrix derivatives.

Now, suppose we have t collections of an n-component data. We can represent
them with a single vector

— [ — Nz - ¢ T (t—1)1 o xm]/ cR™.

Assume that

e we use the same weights for each data collection, namely,

W= (wy ccwg) € R™
o we use different bias for different data sets, so we can form the bias vector to be
b ="[b; - b e R
Thus, the affine function is given by
F(#) = (W x &) +b

Qg o,
2 i Wi ii1yzga + by

S Wi (—1ye42 + ba

ey WiT(— 1yt + bt
To minimize the associated loss function, we shall differentiate F with respect to #, ,

and b. Indeed, from Corollary 3.2, we obtain

oF o, ., . 0
= (W) &1L
= U_; ® It
The same corollary implies.
oF 0

)
_ = ni 7 _
o5 ~ ag\" XD+ 550

[I, @ Devec(1)](Z ® I).



The gradient of F with respect to the bias is given by

oF
b

9 9.
~ Yt 2p =0
@ D+ b =L
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Chapter 4
Product rules

Previously, we only consider the formulation where A is a constant matrix. In
general, A can be a matrix function of any vector variables and it is indeed more
complicated to derive the matrix derivative formula. For convenience, let us first define

the notation when working with an m x n matrix function A(Z), where # = [z1 x5 -+ z)

is a p x 1 vector variable. Suppose that

a11(Z)  ap(@) o a1p(d)
A(F) = a21(Z)  an(d) - ag,(2)
| @1 (L) ama(T) W (T)
L ST JINE 2 S
=\ Td(7) Ga@) 5 D] = :
o sl AP NN

4.1 A matrix derivative result involving Tracy-Singh products

Consider the following derivative

[ 0 Devec(A(Z)) i
(’)J;l
dDevec(A(7))
2 ) = Oxs
8fA(x) = ! :
0 Devec(A(Z))
L Oy, J

The above expression can be viewed as n blocks shown below

iy e EE 9 5 ]

agla*l(x) 8§1a*2(x) 851a*n(m)
0 =l (7) 3o (7) 5% (Z)
ZAZ) = ox 0xo ox
ox

9w Pz 9 oz

_8mpa*1(m) 8xpa*2(x) 8.’Epa*n(x)_

(r0 . . o . a .

- 9 B n

a _(%A(x))*j]jzl

From those we mentioned earlier, they allows us to formulate the following Lemma.
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OA(T)
ox
in a block matrix where each block is given by the Kronecker product of the respective

0A(X
&E;) X Devec(1ly).

The Tracy-Singh product of these matrices, denoted by

XDevec(1;), results

blocks from

Lemma 4.1. Let A(¥) be an m x n matrix function of a vector # € R?. Then

0

1.%

(A@@) @ L) =

K%A@))*j ® eﬂ::l]jl = agg) X Devec(I,).

Proof. By using direct computation, we have that

A@)@ I = :3*1(5) @6 Ax@ @l - An(?) It}
- [amsefframoel, - fuwe ]|
/ :[a*j(f) @] :J,_l

By taking derivative with respect to Z, the above equation becomes

ro i t o
L (7 t
1 Devec _[a*j (7)® er} =t
P a2 Devec [a*j(f) ® ei}
A By ) 72 : DA
o) [ e
——Devec | |a,; (%) @ el
_(933,, _|: V :|'r: 1j=1
4 a r A ) ¢ ¢ 7 | 3
éx—l _a*j (117) & ey :I r=(P|1¢
gL o
a7 t
e o) -
8 Mr {/ t "
7 | |3 (@) ® ey
_8xp Lt J i|r: j=1



Hence,
SN VIV LA UVRPNSRAL
Ory 3 (7) ®6r:¥:1 e 252 (T) ®8T:g:1
9, i L@ el | - |aL@@el|
S(A@ e 1) = | 92 o1 Bl —
a [ R ’ t 3 . ,'t
Oz ail(z)®er - Br afkg(x)@er .
p r= I3 r=
- a ~ a B )
raw@ed] | [pak@ed]
81a/ t_t_ ala/ = t/_t_
|m@ea], [Damed]
8 ’ _ Tt 8 - Tt
[%a*l(:ﬂ) ®ef~:[ -1 [gaf@(x) ®6$’:| _
Lo, e . -
. [ a — t’ t 8 ¥ '
— -[(55,14(36»*1@647:1 [(%A(x)) ®e7,]7
4 a J7t n
—~ —A(Z & eﬁ ]
_{(3x ( ))*] :lr:l j=1
= &4?) X Devec(L).
4.2  Product rules
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In this section, we investigate the derivative of the semi-tensor product between

two matrix functions with respect to a vector variable.

Theorem 4.2. Let A € R™*" be a constant matrix, and let # = #(2)

and ¢ x 1 vector functions of an r x 1 vector Z. Then

O ooy 9 O < A)
0F
+£'K§,p

where a = lcm(g, m) and 8 = lcm(nm;p).

nm

Proof. For the formula (1.1.1), we have ¢, m,n and p, we obtain that

7@ x AxE(Z) = [(§(Z) @ I2)(A® I2)] x Z(2)

:[[

Taking derivative with respect to 7 yields

0

nm

(7' (2) x A) @ Ig/mn]

(T xA)eIs](@FEF) @]

2 (7 () x Ax #(2) =

0z oz

CCET

0z

FEoIAS L) 8L,

[E—1

X Devec(I s )|[B(Z2)® I 4 ]

(Lo @ (A" % 4(2) © 1 5 1],

(4.2.1)
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Now, Theorem 2.24 implies

Finally, Lemmas 4.1 and 2.26 yield

O (5 x Aw #(2)) = SZ{W

- X Devec(I s )} [Z(2) @ T 42 ]
0z Drm

oy m
oF 8 s o

Note that if we partition %(g’ x A) as follows:

o 9 )
— A), =7 A, (i A*nc’,
[w(y X )18g(y X A) o 8g(y X )m]

then the (r,1)-th submatrix of %(gj’ x A)yX Devec(I s ) is given by

nm

for each r=1,2,....,na/mand I = 1,2, ..., 3/(mn). L]

Corollary 4.3. Under the assumptions of Theorem 4.2, suppose n = p and m = ¢. Then

T ARSI, (T
0 B AL(Z) = =5 AT(Z) 5z AY(2).

Proof. Since n= p.and m =¢, we have a = m and 3 = n. Now, Eqg. (4.2.1) reduces to

oF [0(y'A)

97 | 0F

2 Devecul)} 2 @] + o2 K], (v [(45(2) © ).

8 B
577 @)4x(z).=

It follows from Lemmas 2.14 and 2.23 respectively that

e () = 5L |20 i) + G KT (7o)
- Ul YL, 0z o2
= 52 AIEE)] + ooy [(A'(2))]
O 0T /s

[]

Theorem 4.4. Let A(¥) and B(Z) be m x n and ¢ x d matrix functions of a p x 1 vector
variable #. Then

a%(A(f) X B(7)) = {313? = Devec(Iz)} [B#) @ I 02]
+ |:6g;f) & DeVeC(I%)] [IdTa ® (A/(J_,“) ®I%)] (422)

where a = lcm(n, c).
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Proof. By denoting a = lcm(n, ¢), we get
A(F) x B(Z) = (A(®) ® 1) (B(Z) ® I=).

Theorem 2.25 now implies that

8 4@« B@) = P02 el (5316 14y 0 1)
915 (fgf Loy [Tia ® (A'(Z) @ I2)]

By using Lemma 4.1, the above equation becomes

DA(Z)
o
OB (%)
N [ 57

—(A(Z) x B(2)) = { X Devec(Iﬁ)} [B(Z) ® Iia2]

X Devec(Ig)} oo ® (A'(Z) @ I2)].

Note that if we partition %A(f) and %B(f) as follows:

Gt (A0 o).

and

(o), (Lo (o), |

then the (j,7)-th and (i, s)-th submatrix of C%A(a?) X Devec(I=) and %B(f) X Devec(Ia)

are given by

( i A(f)) &ele/n)’

foreach j=1,2,...,nand r =1,2,...,a/n, and

)yades

foreach1=1,2,..;dand s = 1,2, ...,a/d, respectively. L]

From the product rule (Theorem 4.4), we can derive its special cases as follows.

Corollary 4.5.

1. If n = ¢, then Eq. (4.2.2) becomes the product rule involving TMP as discussed in
Theorem 2.25.

2. Ifn=1(.e, a=0c),then Eq. (4.2.2) becomes

DA(T)

(%(A(f)xB(f)): { 7 mpevec(r,) g

ox

[&@@%&ﬂ B@hmmmm®my

3. If c=1(i.e, a =n), then Eq. (4.2.2) becomes

o
oz

a
o0z

OB()
oz

(A(Z) x B(z)) = [ A(f)} [B(Z) ® L) + { X Devec([n)] [Lan ® A'(Z)].
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4. If m =d =1, and a pair (n,c) is relatively prime, then Eq. (4.2.2) becomes

o, L [0A(@) B
%(A(x) x B(Z)) = { 5% X Devec(Ic)] [B(Z) @ Icn)
+ {81(3;;@’) X Devec(In)] I, ® (A (%) ® 1.)].
Proof. All formulas follow from the assumption that a = lcm(n, ¢). []

The results in this section generalize the classical results (e.g. [16, Ch. 4]) in the

literature, particularly Theorem 2.25.



Chapter 5

Conclusions and suggestions

5.1 Conclusions

This paper investigates matrix derivatives involving the semi-tensor product. The
recipes of several product rule’s forms are formulated here. Particulary, the notation of
zero-one matrices, the versatility of usual product rule and chain rule, and Kronecker/
Tracy-Singh products’ properties allow us to derive concise and elegant expressions for
those derivatives. Ours results generalize the classical ones in the literature, so that
the matrix dimensions can the arbitrary. Looking ahead, further refinement of derivative
formulas and techniques involving another matrix products would be found unlocking

new insights.

5.2  Suggestions

One direction is to explore alternative definitions of the derivative that may
be more suitable for specific applications. Another possible improvement involves
modifying the product operation itself. By replacing the semi-tensor product with
different forms of matrix products, we could potentially unltock new structural insights

or simplify the computational framework.
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Derivatives of Matrix-Valued Functions Involving
Semi-Tensor Products in Vector Variables

Thanaphon Phoonphiphat and Pattrawut Chansangiam

Abstract—The propose of this paper to derive exact formulae
for the derivatives of certain matrix-valued functions with
vector variables involving semi-tensor products. Moreover, we
investigate the product rule of two matrix-valued functions
with vector variables involving semi-tensor products, and its
special cases. The paper results generalize the classical ones in
the literature, so that the matrix dimensions can be arbitrary
and the traditional matrix products are replaced by the semi-
tensor products. Moreover, we apply our derivative formulas to
compute the gradients of certain vector-valued function arising
from neural networks. Furthermore, the derivative formulas
can be applied to solve certain matrix equations that generalized
classical linear systems. Indeed, a least-squares solution can
be obtained as a minimizing vector of the least-squares error
associated with the matrix equation.

Index Terms—Matrix derivative, Kronecker product, semi-
tensor product, vectorization, zero-one matrix, least-squares
solution.

1. INTRODUCTION

ATRIX differential calculus plays an important role
in applied mathematics, statistics, data science,
econometrics, and related areas. Matrix derivatives are
fundamental = topics for multivariate analysis, such as
asymptotic distributions, ~linear regression models, and
maximum likelihood estimation; see e.g. [1], [13]. The theory
of matrix derivatives was developed with the utilization
of matrix products, e.g., the traditional matrix product
(TMP), and the Kronecker product &. Moreover, matrix
derivatives often involve vectorizations, e.g., Vec and Devec
operators, and specific zero-one matrices, e.g., selection and
permutation matrices. To derive derivative formulas, there
are two approaches in the literature. The first one is by
taking differentials as that in a pioneer work [13] and the
paper [14]. Another one is by deriving a few general rules
of differentiation such as the product rule and the chain rule;
see e.g. [2]. The latter approach was beneficial in linear
regression models, seemingly-unrelated regression models,
and linear simultaneous equation models. Over the years,
several authors had derived exact formulas for the derivatives
of certain matrix/vector/scalar-valued functions with respect
to matrix/vector/scalar variables. Moreover, they also derived
product rules and chain rules involving TMPs as well.
A natural way to extend the study of matrix derivatives
is to replace the TMP with the semi-tensor product (STP).
Indeed, the STP of matrices, introduced by D. Cheng [5], is

Manuscript received March 27, 2024; revised September 14, 2024. This
work was financially supported by King Mongkut’s Institute of Technology
Ladkrabang Research Fund (KREF016517).

T. Phoonphiphat is a graduate student of King Mongkut’s Institute
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P. Chansangiam is a professor of Mathematics, School of Science, King
Mongkut’s Institute of Technology Ladkrabang, Bangkok, 10520, Thailand
(e-mail: pattrawut.ch@kmitl.ac.th).

a generalization of the TMP so that the factor matrices can
be of arbitrary dimensions. The STP of two real matrices
A € R™*"™ and B € RP*? is defined as the TMP between
each matrix factor expanding with certain identity matrices:
AxB = (A®l2)(B@ls) eR%>5, ()
where « is the least common multiple (Ilcm) of n and p. For
the factor-dimension condition n = tp, the STP reduces to

Ax B'= AB®I,). )

If nt = p for some integer ¢, then A x B = (A ® I,)B.
For the matching-dimension condition n = p, the STP
reduces to the TMP of A and B. Since the STP is based
on the TMP, the STP posseses rich algebraic properties
as those for TMP, such as associativity, bilinearity, and
distributivity over the addition. Special features of STPs
are the pseudo-commutativity concerning swap matrices and
algebraic formulations of logical functions. See [3] for more
information about theory of STPs. It turns out that STPs
have a wide range of applications in mathematics and data
science: classical and fuzzy logic [6], boolean networks ([6],
[9], [10]), networked evolutionary games [7] and finite state
machines [8]. Moreover, STPs have applications in physics
[11] and engineering [12].

From the above discussion, the STP is one of powerful
matrix operations. Instead of focusing on the TMP it is
worthy to study matrix calculus in which the TMPs are
generalized to the STPs. In this paper, we investigate
the derivatives of certain matrix-valued functions involving
STPs with respect to a vector variable. In particular, we
observe the product rule for two matrix-valued functions. Our
results extend the classical results for the case of matching-
dimension condition (e.g. [2]) to the case of arbitrary
dimensions. Our derivative formulas can be applied to solve
matrix equations of the form A x x = B, where A is a given
matrix, B is a given vector/matrix, and x is an unknown
column vector.

This work is arranged as following. In Section II, symbolic
notations and useful results involving matrix algebra and
derivatives are given. In Section III, we derive exact formulas
of the derivative of certain matrix-valued functions involving
STPs in a vector variable. Section IV deals with the product
rule and its special cases. Applications of our theory to
neuron networks are presented in Section V. Applications to
matrix equations are discussed theoretically in Section VI,
and computationally in Section VII . Finally, Section VIII
provides a brief conclusion of the whole work.

II. PRELIMINARIES ON MATRIX CALCULUS

This section provides useful tools and notations which
will be used throughout this paper. Denote the set of natural
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numbers by N. Let us denote the set of m x n real matrices
by R™*™_ The transpose of a matrix A is denoted by A’.

A. Vectorizations and Matrix Products
Let A € R™*™ be a matrix denoted by

ail a1z ain
a1 a azn | | |
A= . . X . = |G«1 dx2 - Qxn
Lo ] |
aml am2 Amn,
.

=1

aNL*

where @, is the j-th column of A and a., is the i-th row
of A. The operators Vec and Devec are defined as follows:

5*1
6*2 . 1
Vec(A) — c Rmnx ,
(sn
Devec(A) = [@], @he—r""  pe] € R

We also recall the Kronecker product and Tracy-Singh
product as well. The Kronecker product of A € R™*" and
B € RP* js defined to be the following block matrix:

auB amB (llnB
an B axnB agn B

A® B = ) ! = € R™P*"Y,
anLlB a’"L2B a"mnB

Lemma 1. (e.g. [4]) The following properties hold for any
matrices A,B,C,D:

1) A® (B®C)=(A®B)®C,

2) (A9 B) =A'® B/,

3) (A® B)(C ® D) = (AC) & (BD),
provided that all matrix products exist.

Let A = [a;] € R™" and B = [b;;] € RP* be
partitioned with block submatrices A;; and By, of dimension
m; X n; and p X g, respectively. Then the Tracy-Singh
product of A and B is defined to be a block matrix as follows:

AXB = [A” ® Bkl]kl s RMRX24, 3)
ij

A zero-one matrix is a matrix whose elements are all either
zero or one. It is an essential notation to deal with complexity
when working with matrices. Let e}’ be the i-th column of
the n x n identity matrix [,,. The following commutation
matrices will be used in later discussion:

Ko =[Lhoe Loe I, ®@em'] € RPm
I, ®ef
K™ — Im @ 63 c Rmn2><m
m,n : .
I ®@ e

Lemma 2. (e.g. [2]). From the above notation, we have:
1) Ifn=1, then K]! | = Devec(Iy,).

2) Ifm=1, then KT» =1,.

1,n

B. Matrix Derivatives

We use the following layout conventions for matrix
derivatives; see e.g. [2, Ch. 4].

Definition 3. Ler y = [y y2 -+ yn| be an m x 1 vector
whose elements are differentiable functions of a scalar x. The
derivative of y with respect to x is a 1 X m vector defined
by

Oy _ [y Oy2 %m

oz Oxr  Ox ox |

Definition 4. Let A be an m x n matrix whose elements
are differentiable functions of elements of a p x 1 vector

xn]/. The derivative of A with respect to x

X =[xy 29 -
is a p X mn matrix defined by
9 Vec(A)
- Ty —
OVec](A)
0A NG SSy G —
ox
dVec(A)
— N oe,  ——

Lemma 5. (e.g. [2, Ch. 4]). Let x be an n x 1 matrix and
let A be a matrix of constants. Then

N aﬁAx = A for Ay m x n,

2) 8—X’A ="A for A, n X p,

3) &X/AX = (A+ Ax  for A, nxn.
Theorem 6. (e.g. [2, Ch. 4]). Let x = [x1 x2 --- x|
be a p x 1 vector. Let y = [y1(x) y2(x) -+ yq(x)]" and

z. = [z1(y) z2(y) -+ 2z (y)] be ¢ x 1 and r x 1 vector
functions of x and vy, respectively . Then the chain rule is
given by

0z ~ Jdy 0Oz

ox  0x. oy’
Theorem 7. (e.g. [2, Ch. 4]). Let A and B be m x n and
n X r matrices, respectively. Assume that element of both A
and B are scalar functions of a vector x = [z xo - - .71:,,]Iof
size p x 1. The product rule of A and B is given by

0

& (alx)B60)
- P00 1)+ 228 (1, 0 '),

Lemma 8. (e.g. [2, Ch. 4]). Let x € RP. Then
1 aﬁ(x@fn) =K,

2) 8—(In®x) = Devec(l,) ® I,

3) 5 (x'®@1,) = I, ® Devec(I,).

X
III. DERIVATIVES OF MATRIX-VALUED FUNCTIONS WITH
VECTOR VARIABLES INVOLVING SEMI-TENSOR PRODUCTS

We derive exact formulas of the derivatives of certain
matrix-valued functions involving STPs in a vector variable.

Theorem 9. Let A € R™*™ be a constant matrix, and let x
be a p x 1 vector variable. Then

0

FeAxx) = K2, [Is ® (A ®1y)), “
%(x' x A) = [I, ®Devec(Ip)|(A®Is2), (5)
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where o = lem(n, p) and B = lem(p, m).
Proof: From Eq. (1), we have
AxXx= (A ® I%)(X(X) I%)

It follows from the product rule in Theorem 7 that

0 0
&(A X X) = &[(A‘@I%)(X@[%)]

8(A®Ia/n)
_ Ia) ® Ima
2 2n) (k@ Ig) @ Lna]
0(X®Ia/p)
T
_8(X®I@/IJ)
N ox

Now, Lemma 8 implies that

e ® (A" ®I2)]

e ® (A" ® I2)].

0
&(AMX) =

We compute the following derivative according to Theorem
T:

K2 T2 @ (A @ L)),

1%} 1o}

([)‘7(X,D<A):(')7[(X/®I£)(A®Ii)]
X X P m

a(X/®[ﬂ/p)
= A l,) 9T
NARIg/m
N (A ® Igjm)

ox

'@ Igsp)

= TKA@ITZ)@I%]
X ®1Ig/)

e\ A [A*@I;)i]

Now, Lemma 8 implies that

[I%ﬂ@(x@[%)]

7]
&(X, x A) = [I, ®Devec(ls)| (AT 42).

Corollary 10.
1) If p = nt for some t € N, then Eq. (4) becomes

0

&(A X X) = Al ®I{

2) If n = pt for some t € N, then Eq. (4) becomes
a—aX(A X X) =
3) If m = pt for some t € N, then Eq. (5) becomes

K" (I A),

%(x' x A) = [I, ® Devec(I})](A® I).

4) If p=mt for some t € N, then Eq. (5) becomes
2(X/ X A) = A®It
ox

Proof: For the case p = nt, we have o = lem(n, p) = p.
By substituting o« = p in (4) and applying Lemma 2, we
obtain

0 7
&(A xx) = K" [ @A QL)
= ]p [A/ ® It]

= A/®It.

For the case n = pt, we have @ = lem(n, p) = n and thus

0 7 ,

—X(A xx) = K5 (I; @ A).
Similarly, the remaining results can be done in the same
manner by substituting 8 = lem(p, m). ]

Theorem 11. Let A € R™*"™ be a constant matrix, and let
x = x(z) be a p X 1 vector function of an r X 1 vector z.
Then

8 _ 8x T /
g(Alxx(z))—gK%,p [Is ® (A" ®I2)], (©)
RN
E(X (z) x A) = % (I, ® Devec(I=)] (A@I:Tf.;), (7)

where o = lem(n, p) and 8 = lem(p, m).
Proof: The results follow directly by applying Theorem
6 to (4) and (5) in Theorem 9. |

We can observe certain special cases of Theorem 11 in a
similar manner as Corollary 10.

Theorem 12. Let A € R™*™ be a constant matrix. Let x
andy be two independent vector variables of dimension px 1
and q x 1, respectively. Then
9 _
— (' xAxx) = KF [Is (A xy)®@Ism)], 8
aX iR, P no

where a =lem(q, m) and 3 = lem(na/m,p).
Proof: Let M =vy' x A= (y @I%)(AQQI%). Then

(6" La)(A® L4)] x x
= (MR om ) (x®Ta).

(y/ x A) xx

By taking derivative with respect to x and applying Theorem
7, it follows that
8(]\/[ & Iﬂm/na)
ox
I(x® 1
22O T 1 b (M Tm)]

dX P na

O(x®Ig)p)

—r——; M @ Ipm
x9S L))
o~ K,;"p [Is @ (M ® Ism))].

g(y'lexx):

Ix [(£®15) ® Tom]

Corollary 13.

1) If a pair (m, q) is relatively prime, and p = t(na/m)
for some t € N, then Eq. (8) becomes

ng(y, X AXx) =

2) If a pair (m,q) is relatively prime, and no/m = pt
for some t € N, then Eq. (8) becomes

(A, X y) (X)If

0 7, ,
g(y/MAlxx) = K- [ @ (A xy).

3) If m = gt for some t € N, and a pair (na/m,p) is
relatively prime, then Eq. (8) becomes
o .
50 K AXX) = Ky oAy o L) 9 L)
4) If ¢ = mt for some t € N, and a pair (na/m,p) is
relatively prime, then Eq. (8) becomes

0 "
Sy x Axx) = K7, (Lo (4 e L)y © 1)

ox
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5) If m = qt and p = s(na/m) for some t,s € N, then
Eq. (8) becomes
a ! !
&(y x Axx) = [A(yoL)]® L.
6) If m = qt and na/m = ps for some t,s € N, then
Eq. (8) becomes

9 N

R xAxx) = K- Lo Ayl

7) If ¢ = mt and p = s(na/m) for some t,s € N, then
Eq. (8) becomes

i(y' X Axx) = (A ® L)y ® I
ox
8) If ¢ = mt and na/m = ps for some t,s € N, then
Eq. (8) becomes

2(-y/l><A><x) =

o K7, - (Lol L)yl

Proof: The condition that the pair (m,q) is relatively
prime means that o = mgq. The condition that the pair
(nae/m,p) is relatively prime means that 3 = nap/m. Now,
the results follow from Eq. (8). [ |

Theorem 14. Let A € R™*" be a constant matrix, and let
x and y be p x 1 and q x 1 independent vector variables,
respectively. Then

.

— (' x A

oy (v X X)

21, & DeveelTs ) (A x) & L), ()
9 maq
where o = lem(n, p) and 8 = lem(q, ma/n).
Proof: Let N = A x x = (A@I%)(X@I%). Then

¥ % () = ¥ RIADT)(x & Ls)]

(v' @Ts)(N & I o).

By taking derivative with respect to'y and applying Theorem
7, we get

5} oy’ ® I,
—(y x Axx)= M (N®@Isn)R1s]
Jy dy me ]
(9 N & I mao
+ 20N [In @ (y ®12)]
ady prm q
Oy ® Iy/q)
= —— = [(N®Isn 1
5 (N [y edal
Ay’ ® I
= w [N®I;f,f,"jl]'
Finally, we arrive at Eq. (9) by using Lemma 8. |

We can observe special cases of Theorem 14 in a similar
manner as Corollary 13.

Lemma 15. Let A(x) be an m xn matrix function of a vector
x € RP. Then
n

n %A(x): {((%A(X))*j] :

) L awen) = 220

X Devec(I}).

Proof: A direct computation reveals that

0
&A(X)
r 0
@ Devec(ax (x)) E Devec(axn(x))
s Devec(ax(x)) 92, Devec(axn(x))
0 0
_8711, Devec(as (x)) Wp Devec(asmn (x))
[ a ' a ! a !
@dn (x) de*z(x) %‘L*n(x)
Yo ’ o/
R 6I2 Ayl (X) ox Ay (X) ox d‘*n(X)
L 0 o 9
_(9.'Ep Ay (X) axp ) (X) axp Ap, (X)
8 n
—(£“WJFI

We also have

A(X) ® It
= [a*l(x) QL an(x)® I

2 Ha*l(x) ® @5];1 ' [a*n(x) | 65];}

= [l e’ |

j=1

Ak, (X) ® It]

n

j=1

By taking derivative with respect to x, the above equation
becomes

0
AR @ 1)

r a . t n
Er Devec Ha*j (x)® eT] 1}

9 - T
-aixp Devec |:|:a‘*] (X) ® 67} 7':1:| j=1
- 0 ) . t n
Tm“aﬁ(x) @ T]TﬂL:l
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Geleed] | gr[eed]
[t o] ]
_{ai,,ail(x) ®ef]j: [ai,, n () ®e£]j:1_

Theorem 16. Ler A € R™*™ be a constant matrix, and
let x = x(z) and y = y(z) be p x 1 and q x 1 vector
functions of an v x 1 vector z. Denote o = lem(q,m) and
B = lem(na/m,p). Then

o (1) A ()

oy )
o 8y @Devec([iﬁ,) [x(2) ®[%]
Ozelp 'L am].

In particular when p
t = na/(mp), we get

q and x(z) = y(z), by denoting

9
E(X (z) x A x x(z))

Ox

B (I, ® Devec(I
Ox
0z

)] [(A® L2 )(x®Lin)]

mp

+ Kfp [It®(A [XX)] (1)

Proof: From the formula (1), we have
v (z) x A x x(z)
= () ®@Ia)(A® I2)] x x(2)
()@ I ) (A @ T2)] & Ton
(v (2) % A) @ Tom] (x(2) ® L5).

= (x(z) ® Is)

P

Taking derivative with respect to z yields

%(y'(z) x A x x(z))
_ Ol (2) X A) @ Lgm/nal
0z

W s ® (A" y(2) © Lom]].

[x(2) © 15 @ Lsm]

+

Now, Theorem 6 implies

&) k< A x(s)
_ @ . 8[(y/(Z) X A) Y Iﬂvn/na]

g 5 [x(z) ® Im}
+ O DS 11, 6104w y0a)) @ T

Finally, Lemmas 15 and 8 yield

9 (y(2) A x x(2))

0z
,‘ o
= 0—y - M X Devec(Ism )| [x(2) @ I 42,,]
0z dy na pna
ox .z, ,
+E K 1)[]%®[(A Ky(Z))@I%”.

Note that if we partition B—ay(y’ x A) as

TP 0.
- - A* e A* / A*&
| At (o R - 5 ¢ A |

then the (r,{)-th submatrix of ‘9 (y x A) X Devec(I s ) is
given by "
0 8 fm)!
<8y (y o A)>*;r @ el( :
foreach r = 1,2,...,na/m and I = 1,2,...,3/(mn). In

particular, when p = ¢ and x(z) = y(z), Eq. (10) reduces to
Eq. (11) due to an application of Theorem 9. ]

Corollary 17. Under the assumptions of Theorem 16,
suppose n. = p and m = q. Then

2y orAs = L A+ T NG,

4 N
07 2L 0z
Proof: Since n = p and m = q, we have o = m and
B = n. Now, Eq. (10) reduces to

S ()Ax(2)
£ % {8(2;1) &Devec([l)} [x(z) ® I1]
2 K ol @ 1)
It follows from Lemmas 2 and 5 respectively that
y'(2)Ax(z)
— }[xz K7 [(A'y(2)
= XAl + 21y (A ()
_ N 3 -
-z x<a>+az v

Remark 18. For the special case p = m = n, Eq. (11)
becomes the item 3) in Lemma 5. To see this, note that o = p
and t = 1. Thus, we obtain

9
&(X Ax)

[Io ® Devec(Ia)] [(A®I 2)(X®Il)]
+ K Lo (A ®]%)(X®I%)],

IaAX+IaAIX

= (A+ A)x.
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The results in this section generalize the classical results
(e.g. [2, Ch. 4]) in the literature, particularly Lemma 5.

IV. THE PRODUCT RULE

In this section, we investigate the derivative of the semi-
tensor product between two matrix functions with respect to
a vector variable.

Theorem 19. Let A(x) and B(x) be m x n and ¢ x d matrix
functions of a p x 1 vector variable x. Then

S (AG) % BX)
- ng) X Devec(I )} [B(x) ® Lua2 (12)
+ {‘9(’35{) b Devec(Ig)} [ (A'(x) @ Ia)]

where o = lem(n, c).
Proof: By denoting o = lem(n, ¢), we get
Ax) x B(x) = (A(x) ® I2)(B(x) @ I=).

Theorem 7 now implies that

I (Alx) x B()

IAX) ® Lajn
2 20O (a1 ]
+ W [Toe ® (A(x) @ Ia)].
By using Lemma 15, the above equation becomes
S (AG) K BE)
= {8";}(( X X Devec(I )} [B(x )®I#]
+ {8§( x) X Devec(le )} oo ® @ (A'(x) @ I)].
Note that if we partition B%A(x) and %B(x) as follows:
0 0 0
{(&A(X)>*l (&A(X))a& 7y (&A(X))MJ
and
0 0 0
{(&B(X))*l (&B(X)>*2 o (&B(X)) *d:| ’

then each (j,7)-th submatrix of %A( ) X Devec(I=) and
each (I, s)-th submatrix of - B(x) X Devec(I=) are given
respectively by
a ’ a ’
94 > (/) <7 B ) (o/n)"
<8x (x) ] ©er ox () *l®e°
]

From the product rule (Theorem 19), we can derive its
special cases as follows.

Corollary 20.
1) If n = ¢ then Eq. (12) becomes the product rule
involving TMP as discussed in Theorem 7.

2) If n=1 (ie, a = c), then Eq. (12) becomes

2 (A() x B()

= {agi x) X Devec(/ )} [B(x) ® Ime]
+ {%B(x)} I ® (A (x) @ 1.)].
3) If c=1 (i.e.,, « =n), then Eq. (12) becomes
0
= (A() % B()

] e

{ B(x )&Deve(( )} [Lan @ A'(x)]-

4) If m =d =1, and a pair (n,c) is relatively prime, then
Eq. (12) becomes

0
(A0 x B(x)

= {813( )&Devec( )} [B(x) ® I.)
+ [61(5;( )&Devec([n)} L, @ (A'(x) ® L.)].

Proof: All formulas follow from the assumption that o =
lem(n, ). [ ]

The results in this section generalize the classical results
(e.g. [2, Ch. 4]) in the literature, particularly Theorem 7.

V. APPLICATIONS TO NEURAL NETWORKS

In a neural network, suppose we have an n-component
input vector x € R™. In order to train a neuron, we choose a
weight vector w € R™ with the same component number as
that for the input vector. We also need a scalar bias b € R.
Then, the activation of a single computation unit in a neuron
is typically calculated as

n
= E wiz; +b =
i=1

The function F' is known as the unit’s affine function. To
train this neuron, we choose weights w and the bias b that
minimize an associated loss function. To minimize the loss
function, we use matrix derivatives.

Now, suppose we have ¢ collections of an n-component
data. We can represent them with a single vector

w'x +b.

X = [z -0 @y e Tnt) € R™.

Tn(t—1)+1 *°°

Assume that

o we use the same weights for each data collection,
namely,
wy] € R™.

W = [wl

« we use different bias for different data sets, so we can
form the bias vector to be

= [by -+ b €RE
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Thus, the affine function is given by
F(x) = (w'xx)+b

Z:'l:1 WiX(i—1)t+1 T b1
n
D i WiX(i—1)t42 + b2

Doy WiX(i—1)t4t + b
To minimize the associated loss function, we shall

differentiate F with respect to x,w, and b. Indeed, from
Corollary 10, we obtain

oF _
ox  Ox
(W) @I
w® I

g(w’ X x) + gb
Ox

The same corollary implies.
OF

g 0
. w' X X) + —b

0
N (‘37W(V ow
[1, ® Devec(I;)}(x ® I}).

The gradient of F' with respect to the bias is given by

OF 1%} 1%}

— = — —b = 1

b/~ oW X9 iar *

VI. LEAST-SQUARES SOLUTIONS OF THE EQUATION
A X x = b VIA MATRIX DERIVATIVES

In this section, we shall apply certain derivative formulas
to find least-squares solutions of a matrix equation related to
linear systems. Recall that the Moore-Penrose inverse of a
matrix A is denoted by At see, e.g., [13] for more details.

Recall that, in a classical linear system takes the form

Ax = b, {13)

where A € R™*" is a given constant matrix, b € R" is a
given vector, and x € R" is an unknown vector.

Lemma 21. (e.g. [13]) Suppose that the linear system (13)
is inconsistent. Then the least-squares solution to (13) is an
exact solution to the normal equation

A'Ax = A'b.

In fact, the general least-squares solutions of (13) can be
expressed as

x = (A'A)TA'b + [I, = (A A)T A AJw (14)

where w € R" is arbitrary. The minimal-norm solution of
Eq. (13) is given by

x = (A’A)TAD. 15)

The system (13) has a unique least-squares solution if and
only if A is of full-column rank (i.e. rank(A) = n). Moreover,
such unique solution is given by (15).

We can extend the classical case to that when x € RP,
where p is a positive integer divided by n. Now, assume that
p = nt where t is a positive integer. We are given b € R™?,

and we would like to solve the following equation:
Axx = b. (16)

To find a least-squares solution of Eq. (16), we follow an
idea of the works [15], [16], that is, we transform the matrix

equation into a simple linear system. So, we look for a vector
x* € R™ that minimizes the squared Euclidean norm

A & x — b||2.

Indeed, the least-squares error can be computed as follows:

A x x—b|?
= (Axx—b)(Axx—b)
= X' xA -b)(Axx—0b)

= XX AAxx—x"x (A xb)—(V x A) x x+bd.

an

The vector x* is an exact solution of Eq. (16) if and only if
the least-squares error (17) is zero. To minimize such error,
we shall differentiate it with respect to the vector x. Indeed,
we get

7]

&HAIX)(be

_2 / !/ 72 / !/ 73 /

_Gx(x x A’A X x) ax(x x A" x b) é)x(b I><A(>28x)).

The first term in (18) can be computed using Theorem 16.
The second term can be computed using (5) in Theorem 9,
and Lemma 5. The last term can be computed using (4) in
Theorem 9, and Lemma 2. Putting them together yields

9
ol Axx- Ik
= [(AARL)(x @ I1)] +5] "~ [I1 ® (A'A x x)]
—(A"'x b)) = (0 x A
=(AAQL)x+1, (AA®I)x
— (A" x b) — (A x b)

(A'A @ I)x 4+ (A"A x x) — 2(A" x b)
(A'A® L)x + (A'A® I)x — 2(A' @ I)b
= (AA®L)x = (A" @ I)b.

(19)

The least-squares solution can be obtained by setting the
derivative (19) to be zero, and solve for x. Thus, the least-
squares solutions of Eq. (16) can be obtained by solving the

linear system
Kx = f, (20)

where K = A’A® Iy and f = (A’ @ I;)b.
Now, we apply Lemma 21 to discuss theoretical details
from the associated system (20). Note that

Kt = WAe L) = WA eI,
The general solutions of this system can be written as
x = K+ (Iny — K1K)w, 3))

where w € R™ is arbitrary. From properties of the Kronecker
product, the expression (21) becomes

x = [(AA)TA @ Lb+ [In — {(AA)TAA® L} |w
(22

Among such solutions, the minimal-norm solution is given
by

= K'f = [(A4)T4 ® L]b. (23)
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In addition, Eq. (20) has a unique solution if and only if K
is of full rank. Note that

rank K = rank (A’A® I;) = (rank A’A) - (rank I;)
= trank A’A.
Thus, rank K = nt if and only if rank A’A = n, or

equivalently, A is of full-column rank. In this case, the unique
solution is given by (23).
We summarize the above discussion as follows.

Theorem 22. From the above notations, suppose that the
matrix equation (16) is inconsistent. Then:

(1) The least-squares solutions of (16) is an exact solution
of the linear system (20) where K = A’A ® I, and
f=(A4"®L)b.

The general least-squares solutions of (16) can be
expressed as (22), where w € R™ is arbitrary.

The minimal-norm least-squares solution of (16) is
given by (23).

The equation (16) has a unique least-squares solution
if and only if A is of full-column rank. Moreover, such
unique least-squares solution is given by (23).

(i)
(iii)
(@iv)

Remark 23. When t = 1, the matrix equation (16) reduces
to the classical linear system (13). Hence, Theorem 22 is an
extension of Lemma 21.

In practice, to solve the linear system (20), we can use
a modern iterative method such as a preconditioned AOR
algorithm [17], and a gradient-descent algorithm [18].

VII. GRADIENT-DESCENT ALGORITHM FOR THE MATRIX
EQUATION AND NUMERICAL EXPERIMENTS

In this section, we propose an effective computational
method to solve the matrix equation (16), and illustrate
numerical experiments.

From Section VI, the least-squares solutions of Eq. (16)
are equivalent to the solutions of the associated linear system
(20). To solve the latter system, we adopt the gradient-
descent optimization technique from the work [18]. The
main idea is to minimize the residual error ||[Kx — f|| at
each iteration. We thus obtain the following gradient-descent
iterative (GDI) algorithm:

Algorithm 1: GDI algorithm for solving Eq. (16)

AER™" and be R™ ;
Set i = 0. Choose (") € R”. Compute
I( - A/A ® Iz, f: (A/ ® [t)b, ]\/[ = (A/A)2 ® It.
for i« = 0,1,2,3,... do
RON )
if [|7)|| < ¢ then
| x( is a solution; break;
else
me) = Mr®;
ait1) = mﬁ)r(l)/(ng)m(i)) ;
4D — X0 gy K ;
end
update 7;

end

We make experiments via Matlab R2024a on the same
Mac Operating System (Intel i5 4C CPU/intel iris graphic
645GPU/8GB/128GB). The performance of the algorithm is
evaluated by the iteration number, the residual error

RO = D) = |f = KxO),
and the CPU time measured in seconds using the tic-toc
function on MATLAB.
Example 24. Consider the equation A x x = b, where

2 -1
A=10 1
-2 2

b=[0 4 0 -2 0

3x2
€ R>*=,

—6]' € RC.
We would like to find a least-squares solution
x = [zy 29 - 2] € R

satisfying the above equation. Due to Theorem 22, this task
is equivalent to finding a solution of the associated linear
system Kx = f, where

8 0 -6 0
I(:A’A(XJIg: _06 (8) g '06 ER4X4>
0 -6 0 6

f= (A oLb=[0 20 0 18] eR"
We apply Algorithm 1 with an initial guess
XOLLIh Y01 oY

and a tolerance error € = 0.05. The experimental results are
illustrated numerically in Table 1 and graphically in Figure
1.

TABLE I
NUMERICAL SOLUTIONS FOR EACH ITERATION

7 x T2 x3 T4 R®

1 1 1 1 1 25.5342
2 |0.9533 | 1.7362 | 1.0351 0.3690 12.9427
3 0.9288 | 2.1025 | 1.0513 | 0.0513 6.8096
4] 09154 | 2.2839 | 1.0581 | -0.1097 | 4.0079
5 0.9076 | 2.3730 | 1.0602 | -0.1925 2.9093
6 | 0.9026 | 2.4159 | 1.0599 | -0.2363 2.5578
7 0.8988 | 2.4360 | 1.0584 | -0.2609 2.4575
8 0.8897 | 2.4448 | 1.0559 | -0.2771 2.4264
9 | 0.8897 | 2.4464 | 1.0504 | -0.2952 2.4083
10 | 0.7958 | 2.2619 | 0.9360 | -0.4540 | 2.2017
49 1 0.0099 | 1.0158 | 0.0117 | -1.9808 | 0.0272

In this problem, Algorithm 1 takes 49 iterations and
consumes only 0.036119 seconds to reach an approximate
solution

x4 =[0.0099 1.0158 0.0117 —1.9808] .
We can check the least-squares error
|4 x 249 — b2 = 0.0280.

Thus, 9 is a desire least-squares solution. Hence,
Algorithm 1 is capable and effective.
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Fig. 1. The residual error at each iteration for Ex. 24

VIII. CONCLUSIONS

This paper investigates matrix derivatives involving the
semi-tensor products. The recipes of several product rule’s
forms are formulated in Sections IIT and IV. Particularly, the
notation of zero-one matrices, the versatility of usual product
rule and chain rule, and Kronecker/Tracy-Singh products’
properties allow us to derive concise and elegant expressions
for those derivatives. Our results generalize the classical
ones in the literature, so that the matrix dimensions can
be arbitrary. As applications in neural networks, we apply
derivative formulas to compute the gradient of a vector-
valued function with respect to certain vector variables. The
derivative formulas can be applied to solve a matrix equation
of the form A x x = b. A least-squares solution can be
obtained as a minimizing vector of the associated least-
squares error. We can seek for a least-squares solution of
this matrix equation by solving the associated linear system.
Thus, we get formulas of general/minimal-norm/unique least-
squares solutions as in Theorem 22. Moreover, we propose
a gradient-descent iterative procedure to solve the matrix
equation for a least-squares solution. Looking ahead, further
refinement of derivative formulas and techniques involving
another matrix products would be found unlocking new
insights.
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